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ABSTRACT

Author: Cross, Valerie, A. MS
Institution: Purdue University
Degree Received: August 2018
Title: Hyperspectral Modeling of Relative Water Content and Nitrogen Content in Sorghum and
Maize.
Major Professor: Mitch Tuinstra
Sorghum and maize are two of the most important cereal grains worldwide. They are
important industrially, and also serve as staple crops for millions of people across the world. With
climate change, increasing frequencies of droughts, and crops being planted on more marginal
land, it is important to breed sorghum and maize cultivars that are tolerant to drought and low
fertility soils. However, one of the largest constraints to the breeding process is the cycle time
between cultivar development and release. Early evaluation of cultivars with increased the ability
to maintain water status under drought and increases nitrogen contents under nitrogen stress could
be the key to decreasing breeding cycle time. New tools for non-destructive, high throughput
phenotyping are needed to evaluate new cultivars. These new tools can also be used for monitoring
and management of crops to improve productivity.
Hyperspectral imaging holds promise as one tool to improve the speed and accuracy of
predicting numerous plant traits including abiotic stress tolerance characteristics. In this thesis,
hyperspectral imaging projects were designed to develop and test prediction models for relative
water content (RWC) and nitrogen (N) content of sorghum and maize. The first study utilized
three different genotypes of sorghum in an automated hyperspectral imaging system in
greenhouses at Purdue University. From this study, models were developed for relative water
content and nitrogen content using the data from all three genotypes collectively as well as the data
from each genotype individually. Models developed using the spectral and morphological features

xiv
obtained from the hyperspectral images are predictive of both relative water content and nitrogen
content. The coefficients of determination (R2) for all graphs comparing the predicted relative
water content to the reference relative water content of sorghum averaged 0.90 while the same
graphs for maize averaged 0.64. The coefficients of determination for all graphs comparing the
predicted nitrogen content to the reference nitrogen content of sorghum averaged 0.85 while the
same graphs for maize averaged 0.61. Models built only with the spectral features for sorghum
were also predictive of both relative water content and nitrogen content. The coefficients of
determination for all graphs comparing the predicted relative water content to the reference relative
water content of sorghum averaged 0.91 while the same graphs for nitrogen content in sorghum
averaged 0.85.
The nitrogen content models developed using the data from the Tx7000 genotype are
highly predictive of both Tx7000 and B35 but not highly predictive of Tx623. However, models
developed using the data from Tx623 are highly predictive of all three genotypes. Another
important finding from this study was that the water and nitrogen signals overlap and the most
predictive models are developed from data where water and nitrogen vary continuously. Models
to predict one factor that do not account for variation in the other factor are not very accurate.
The second experiment utilized hyperspectral imaging to characterize RWC and N content
of maize. Models for RWC and N content were developed using spectral and morphological
features. The models developed for maize were not as predictive as the models for sorghum but
they were still predictive of RWC and N content for the models developed using all six genotypes
and the models developed using the data from the individual genotypes. Models built using the
four half-sibling genotypes were not more predictive than the models based on all six genotypes.

xv
The final portion of this thesis explored predictions across species using both the sorghum
and maize data. We found that models developed using only sorghum were not predictive of the
maize reference measurements. However, when the sorghum and maize data were combined and
used to generate models, both the RWC model and the N content model were highly predictive for
both reference measurements.

1

CHAPTER 1: LITERATURE REVIEW

1.1 Sorghum bicolor (L.) Moench
1.1.2 Description
Sorghum bicolor is a C4, annual or short-term perennial grass that was domesticated in
Ethiopia and Southern Sudan around 3000 years ago (Dial, 2012). Sorghum is an upright plant
with flat leaf blades, rigid stems, and a panicle located at the apex of the plant. In 1972, Harlan
and de Wet categorized sorghum into 5 basic races based on the conformation of the spikelets.
These five races were bicolor, guinea, caudatum, kafir, and durra. Ten races that are hybrids of
the five basic races were also categorized. Depending on the race, the panicle may be more loose
or tight, the panicle may droop, and the glumes may vary in color.
Sorghum performs well on fertile, well-drained soils of pH 6.0-6.5 (Dial, 2012).
General management practices for standard biomass production, especially in developed countries,
include the addition of 75-100 pounds of nitrogen per acre (84-112 kilograms of nitrogen per
hectare). Sorghum can also perform well in less than ideal conditions. It is adapted to grow on
low fertility, moderately acidic, highly alkaline, and higher salinity soils. Its water requirements
are less than maize at 400-750 mm annually (“Sorghum bicolor”, n.d.). When drought stress
occurs, sorghum can become dormant. Early season severe drought stress will stop the growth
and floral initiation of the plant which it then resumes at the onset of more favorable conditions.
Late season drought stress stops the vegetative growth but the plant continues floral initiation to
complete its lifecycle. Most sorghum requires 90-120 days for full grain maturation and will not
tolerate frost, shade, or prolonged flooding.
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Many plants, including sorghum, produce hydrogen cyanide (HCN) when damaged
(Mithofer & Boland, 2012). These plants store these toxins as inactive conjugates, mainly as
cyanogenic glycosides. Cyanogenic glycosides are stored in the vacuole of the cell, and the
glycosidase, which activates the production of HCN, is present in the cytoplasm.

When

herbivorous animals, or damage of any kind, severs the barrier between these two compounds,
toxic HCN is produced. This confers the plant defense against grazing animals, insects, and some
pathogens. The cyanogenic glycoside present specifically in sorghum is β-D-glucopyranosyloxy(S)-hydroxymandelonitrile, also known as dhurrin (Halkier & Moller, 1989). Dhurrin is derived
from L-tyrosine in a sorghum specific process. Cyanogenic glucosides are dangerous to humans,
as is the case in cassava, however, dhurrin is lacking in the seed.
Sorghum is the fifth most grown cereal crop in the world after rice, wheat, maize, and
barley and has spread to become a highly important crop in Africa, India, Southeast Asia,
Australia, and the United States (“Sorghum bicolor”, n.d.). It came to the United States in the
1850’s for syrup production (Dial, 2012). It is gluten free and a good substitute for people with
Celiac Disease.
In the developed world, it is used mostly for livestock feed, wall boards, packing material,
and other industrial uses. More notable uses of sorghum are to prevent soil compaction and
manage weeds. In the developing world, sorghum is the main food source for 500 million people
(“The Importance of Sorghum”, 2010). Most of these people reside in India and Africa. In Africa,
it is the second most important grain after maize, and 60 million tons of sorghum are produced on
the continent annually, which accounts for a third of the world production. Sorghum is adapted to
the semiarid and arid regions of Africa, and the meal is cheaper and more accessible to rural and
poor people. It is used to make semi-leavened bread, couscous, dumplings, porridge, and beer.
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1.1.3 Sorghum Populations
Improvement in domesticated crops relies on the diversity of the crops germplasm.
Unfortunately domesticated crops often undergo bottlenecks that have narrowed the genetic
variation (Tanksley & McCouch, 1997). Early farmers domesticated crops based on desirable
mutations, such as nonshattering seed, compact growth habits, and loss of germination inhibition.
As selective breeding for these traits continued, the genetic variation would naturally narrow.
Modern plant breeding has also been a detriment to genetic variation of crops even though the
improvement of crops stems directly from the discovery of novel genes. Most modern cultivars
are developed from crosses between highly related lines with little new germplasm introduced. In
the 1960s, scientists recognized that sorghum bottlenecks due to breeding practices was severely
limiting the breeders’ ability to produce new, more productive cultivars in North America (Quinby,
1974). Sorghum lines from the tropics that possess genes that could be important in yield, insect
and disease resistance, and food quality of US sorghum lines were difficult to manage in long-day
environments (Stephens et al., 1967).
The Sorghum Conversion Project (SCP) was started as a joint venture between Texas A&M
and the USDA (Quinby, 1974). This program sought to expand the genetic diversity of sorghum
using elite tropical germplasm that had been converted into photo-period insensitive, short stature
plants. This process begins with crossing elite photo-period sensitive plants to dwarf temperate
zone varieties. The F1 population is grown in the tropics while the F2 seed is then grown out in a
temperate location. From that population, short-statured, early maturing plants are selected. This
seed is transported back to the tropics to be back-crossed to the tropical variety. The back-crossing
is repeated for three or four generations until the plants appear very similar to the tropical varieties;

4
however, they are photoperiod insensitive and are shorter in stature. At the completion of the SCP,
the diverse, tropical germplasm can be easily used in breeding programs in the temperate regions
of the world.
Sorghum exhibits distinctive patterns of tolerance to drought stress conditions: drought
susceptible, pre-flowering drought tolerance, and post-flowering drought tolerance. Tx623 was
used as the reference genome for sorghum and is generally considered to be drought susceptible
(Paterson et al. 2009). Tx7000, also known as Caprock, is an example of a variety with preflowering drought tolerance (Karper, 1949). Caprock was first developed in 1949 and through the
years categorized as a non-stay-green sorghum line (Walulu et al., 1994) with pre-flowering
drought stress tolerance (Kebede et al., 2001). B35, later released as Tx642, exhibits very good
post-flowering drought tolerance commonly noted as stay-green (Walulu et al., 1994; Tuinstra et
al., 1996).
1.2 Zea Mays
1.2.1 Description
Zea mays is an annual, C4 grass that was domesticated around 10,000 years ago in central
Mexico from the progenitor teosinte (Galinat, 1971). Maize is a tall stout grass with an erect and
solid stem and alternate leaves (Corn: plant, 2018). The species is also monoecious which means
it develops separate male and female flowers on the same plant. The staminate flowers are born
on the terminus of the stem on the tassel and produce the pollen. The pistillate flowers, the shoots,
are born on the stem about halfway up the stem and consist of spikes with paired spikelets in rows
that are attached to silks. The silks are pollinated by the pollen from the tassel and develop into
the mature ears. Maize is generally commercially classified as dent corn, flint corn, sweet corn,
or popcorn.

5
Maize is considered a short-day or day neutral plant (Maize, FAO, 2018). The crop is
grown from temperate to tropical environments where the mean daily temperatures are above 15°C
and free of frost. In temperate regions, day neutral plants are grown while short-day plants are
produced in the tropics. Depending of the varieties and the latitude grown, maize can mature in
80-300 days. Maize produces best on well-aerated and well-drained soils but does well on most
soils except for very heavy dense clay soils or very sandy soils. The crop is fairly sensitive to
abiotic stresses including salinity and waterlogging. The fertility demands for maize are relatively
high. Most maize varieties are not well adapted to low fertility soils but can generally tolerate
hotter and drier conditions.
Maize is the most important crop in the world and is used widely for livestock feed, human
food, biofuels, and industrial applications (Maize, FAO 2018). While maize is a major food source
in many parts of the world, it does not have as much nutritional value as many of the other grains
(Corn: plant, 2018). The protein in the grain has poor quality and the grain is deficient in niacin,
which can lead to niacin deficiency, also known as the disease pellagra. Maize is used to make
many food products including masa dough for tortillas and tamales, roasted or creamed corn,
hominy, grits, cornbreads, popcorn, confections, couscous, porridge, and alcohols.
Industrial applications for maize include ethanol, starch, and oil (Corn: plant, 2018).
Ethanol is a first generation liquid biofuel that is typically mixed at 10% with gasoline. Starch
extracted from maize grain is widely used to produce corn syrups, an inexpensive sweetener, paper
and wallboards, and industrial solvents.
1.2.2 Maize Populations
After maize was domesticated in the Balsas River valley of western Mexico, there is
evidence of its migration throughout North and South America (Bedoya et al., 2017). Maize
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diversified into a number of landraces that are genetically and phenotypically unique from each
other. Bedoya et al. (2017) identified three main groups of maize germplasm in the new world.
The first group is called the Mexico and Southern Andes group. This group was characterized by
the exchange of germplasm between North and South America, both in the Pre-Columbian era and
the modern era. The Mesoamerican group includes the Caribbean landraces of maize. The Andean
group includes the races introduced to the Andes with little or no germplasm mixing since
introduction. These landraces were maintained and slowly improved over thousands of years up
until the advent of hybrid technology in maize. A separate study, Heerwaarden et al. (2012),
categorized maize differently as a large and diverse group of temperate maize accessions in four
different groups, landraces from pre-1930s, early inbreds from the 1930s to 1950s, advanced
public inbred lines from the 1950s to the 1980s, and elite commercial inbred lines from the 1980s
to now (Heerwaarden et al., 2012).
Heterosis, or hybrid vigor, was first discovered in maize in the first half of the 20th century
(Meena et al., 2017). Heterosis results from the cross of two inbred lines exhibited as high vigor,
growth, and yield. Heterosis is generally the greatest between heterotic groups or groups of
germplasm that have similar combining ability and heterotic response when crossed with another
heterotic group. The most common heterotic groups are the Iowa Stiff Stalk Synthetic and
Lancaster Sure Crop. One of the most notable combinations between these two heterotic groups
is B73xMo17 (Hoegemeyer, 2014). Landmark B73 hybrids, including B73xMo17, dominated the
market for 5 to 7 years after 1973 when B73 was developed at the Iowa Agricultural Experiment
Station at Iowa State University (“Accession: PI 550473”, USDA GRIN, n.d.). Mo17, from the
non-stiff stalk heterotic group, was developed around eight years earlier than B73 at the University
of Missouri (“Accession: PI 558532”, USDA GRIN, n.d.).
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In the next four decades, various public and private institutions have developed a number
of lines out of these two main heterotic groups used for breeding in the United States. Several
such lines were developed by Pioneer Hi-bred International out of the Iowa stiff stalk heterotic
group including PHG80 and PHJ33 (“Accession: PI 601037”, USDA GRIN, n.d.; “Accession: PI
601774”, USDA GRIN, n.d.). Another line developed by Pioneer is the PHP02 line out of the
non-stiff stalk heterotic group (“Accession: PI 601570”, USDA GRIN, n.d.). Pioneer has also
developed a series of hybrids that are considered more drought tolerant, the AquaMax lines, one
of which is P1105AM (“2018 Corn Hybrid-Herbicide Management Guide”, 2018). Many other,
smaller companies have also contributed to the maize germplasm in the past including Northrup,
King and Company which produced an inbred called BCC03 (“Accession: PI 544065”, USDA
GRIN, n.d.).
Public institutions are also generating new inbred lines. CML550 is a CIMMYT maize
line released in 2013 (“CIMMYT releases 22 new maize inbred lines for the tropics and
subtropics”, 2013). This line is an intermediate maturity line and is characterized as a CIMMYT
heterotic group B and has good yield per se and is often used as a female parent in much the same
way as the Iowa stiff stalk inbreds are used. It is considered to have very good adaptation to low
nitrogen and low water conditions. Previous studies in the Tuinstra lab have determined that
G80xPHP02 is drought susceptible under field conditions in Arizona, USA.
1.3 Drought
1.3.1 Causes and Results of Drought
Wladamir Koppen developed a system to classify climates in the early 1900s that is still
the most widely used climate classification system (Peel et al., 2007). Climates are divided into
five general categories: A, B, C, D, and E. These five categories are further broken down based
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on temperature or precipitation. While four of the categories are defined by temperature, category
B is defined by precipitation. Namely, by very low precipitation as it represents the semi-arid and
arid regions of the world. Arid and semi-arid regions of the world are the dominant climate class
and account for 30.2% of land area. These regions of the world have expanded 7% since the 1940s
(Huang et al., 2016). In the Americas and west/central Australia, arid regions have generally
become wetter. In the eastern hemisphere, the semi-arid regions have increased due to humid and
sub-humid areas becoming dryer. This expansion of semi-arid regions has the potential to bring
more semi-arid land under cultivation.
There are three classifications of drought (Dai, 2011). Meteorological drought is a period
of months to years with below normal precipitation.

It usually includes above normal

temperatures, is caused by persistent atmospheric anomalies, and causes other types of drought.
Agricultural drought is a period of dry soils that results from below average precipitation
(meteorological drought), intense but less frequent rainfalls, and/or above average evaporation that
results in lower crop production. Hydrological drought occurs when river streamflow and water
storages in aquifers, lakes, or reservoirs fall below long term mean levels. Meteorological drought
often is the cause of agricultural and hydrological drought but other factors, such as erosion and
poor land management, can increase the severity and duration of drought. The major measure of
drought is the Palmer Drought Severity Index (PDSI) developed in 1965 (Palmer, 1965). It models
the overall difference between the moisture supply and the moisture demand at the earth’s surface.
It is a rather simple index that requires only the precipitation and the potential evapotranspiration
as inputs.
While lack of precipitation is generally associated with drought, changes in precipitation
are not the only causes of drought (Zhao & Dai, 2015). Increases in potential evapotranspiration,
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decreases in precipitation frequency, and increases on the number of dry days could also cause or
worsen drought. A study by Dao and Zhai (2015) evaluated a model based on the traditional PDSI
and other key indices such as runoff and soil moisture.

This model indicated that while

precipitation may go up in the next decades, precipitation frequency will decrease and number of
dry days will increase, and it also predicts that the more intense rainfall events that occur during
this time will lead to more runoff and thus lower soil moisture. The predicted outcome of this
model is that the frequency of future moderate to severe drought will increase over the Americas,
Europe, southern Africa, and Australia.
The atmospheric influences on drought depend greatly on the region of the world (Schubert
et al., 2016). El Nino-Southern Oscillation (ENSO) is a Pacific Ocean tropical Sea Surface
Temperature (SST) anomaly that affects the precipitation of many regions of the world including
the Americas, eastern and southwest Asia, Australia, and the maritime region. Other oceans’ SST
anomalies affected various parts of the world as well. The Indian Ocean affects precipitation in
Australia and East Asia. The Atlantic Ocean affects northern South America, parts of the southern
and eastern US, and the Sahel in Africa. The Mediterranean Sea can affect southern Europe and
northern Africa. ENSO also affects the Asian-Australian monsoon system. This oscillation and a
warming trend over the central eastern Pacific and the western Indian Oceans has weakened the
monsoon system since the 1950s. Several regions of the world, including central Canada, northern
Eurasia, and central Europe are little affected by SSTs. In northern Eurasia, drought is linked to
the development of anticyclones while in the central Europe a number of factors seem to cause
drought. In eastern Africa, drought is very hard to understand because of the heterogeneous local
rainfalls.
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A lack of water from drought can lead to plant related results of drought stress including
effects in crop growth and yield, photosynthesis, and oxidative damage. Before crops even
emerge, drought can cause poor germination and decreased stand counts (Fathi and Tari, 2016).
Cell growth is also inhibited by drought stress. Cell elongation can be limited under water stress
because of the interruption of water flow through the xylem due to the loss in turgor pressure
(Nonami 1998). The development of seed on the plant is affected differently by drought stress
depending on the stage of development of the crop. Drought stress before flowering in triticale
reduced the time to anthesis (Estrada-Campuzano et al., 2008) while pre-flowering water stress in
maize reduced the yield by delaying silking which increased the anthesis-to-silking interval which
is highly negatively coordinated with grain yield (Cattivelli et al., 2008). Drought stress during
flowering can result in barrenness (Yadav et al., 2004), kernel abortion in maize (Otegui et al.,
1995), and reduce seed yield in crops such as in pigeon pea (Nam et al., 2001). And finally,
drought stress after flowering can lead to shortened grain filling period in triticale (EstradaCampuzano et al., 2008) and diminished grain set and kernel growth in wheat (Morgan, 1990).
Farooq et al. (2009) recently reviewed the impacts of drought in agriculture and summarized
drought stress effects on growth and development in that it hampers flower development and grain
production that ultimately leads to smaller and fewer grains (Farooq et al., 2009).
Drought stress also reduces photosynthesis in a variety of ways. This effect is caused by
the decrease of leaf expansion, impaired photosynthetic machinery, and early leaf senescence
(Wahid and Rasul, 2004). Drought stress in plants causes the stomata to close due to water losses
but this also limits CO2 uptake which decreases carbon fixation and could lead to photo-damage
(Cornic and Massacci, 1996). The photosynthetic machinery is also damaged by drought stress.
This includes changes in photosynthetic pigments and components such as a decrease in maximum
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velocity of ribulose-1,5-biphosphate carboxylation by Rubisco, speed of ribulose-1,5-biphosphate
regeneration, Rubisco and stromal fructose activities, and the quantum efficiency of photosystem
II (Reddy et al., 2004). Drought stress can also lead to oxidative damage to plants. The production
of reactive oxygen species (ROS) has a linear correlation to the severity of drought stress (Farooq
et al., 2008). ROS can induce peroxidation of membrane lipids, degradation of nucleic acids, and
degradation of both structural and functional proteins targeting chloroplasts, mitochondria, and
peroxisomes.
1.3.2 Drought and Agriculture
Water is the greatest constraint in many agricultural system (Harrison et al., 2014; Shao et
al., 2009; Jamieson et al., 1995). Agriculture in semi-arid regions is often defined by low and
uncertain rainfall and poor quality soils (Rao, 2008). Both of these factors affect the quantity and
value of agricultural output which must feed 400 million people living on and surviving off these
marginal lands (Borlaug & Dowswell, n.d.). The rapid expansions of populations and the
subsequent demand for increased food production has pushed many farmers onto more marginal
lands. This demand for immediate food has also led to less fallow time and more continuous
cropping systems, which decrease soil fertility and, thus, decrease future yields. To add to these
problems, the ecosystems of semi-arid regions are very fragile (Charney, 1975; Huang et al., 2010;
Rotenberg & Yakir, 2010; Xue et al., 1997; Zeng et al.., 1999). These regions are highly sensitive
to human activities which can lead directly to climate change, and most of these activities stem
from the agricultural exploitation of the land without proper land management.
Early season drought decreases germination and stand establishment of crops (Farooq et
al., 2012). This is due to a lack of water during the imbibition phase of germination, a reduced
energy supply, and impaired enzyme activity. Impaired enzyme activity and reduced energy
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supply, along with loss of turgor, also inhibits growth through cell division and cell elongation
which leads to reduced dry matter accumulation in virtually every plant organ. Drought also
affects the growth cycle duration and can lead to early or delayed flowering depending on the crop
species. If the drought occurs in the vegetative stage of growth, the yield decreases; however, if
drought occurs during flowering or grain fill, the results are very often disastrous. Drought also
decreases relative water content, leaf water potential, and osmotic potential in roots, shoots, and
leaves. In the attempt to conserve water, leaves often transpire less. This can lead to damaging
temperature increases in the leaves due to a lack of evaporative cooling.
1.3.3 Adaptations to Drought
There are a number of mechanisms that plants utilize to deal with drought. Among the
most common are developmental techniques that plants utilize in water-limited environments. One
of these techniques is drought escape (Araus et al., 2002). This refers to a plant having a shortened
or modified life cycle in order to escape any effects of the water stress. This allows the plant to
reproduce before the onset of the drought through modifications to flowering time and length of
the life cycle. Another technique is through drought avoidance (Turner et al., 2001). Avoidance
refers to the plant avoiding drought stress through morphological mechanisms such as stomatal
control of transpiration or through an extensive root system for water uptake. Stomatal regulation
in maize is a well-researched phenomenon. Maize viviparous14 encodes a step in the synthesis of
abscisic acid which regulates stomatal opening and closing (Ribaut et al., 2009). Maize is
considered an “isohydric” species which means the plants are very sensitive to lower water
potentials so it limits water loss at the earlier stages of water deficit so water content can be
maintained in later stages of drought.

A final mechanism for drought tolerance is phenotypic
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flexibility. Some plants reduce leaf area for water loss by producing smaller leaves or by shedding
leaves (Farooq et al., 2009).
Plants also utilize several physiological mechanisms, such as osmotic adjustment, and
molecular mechanisms, such as stress proteins. Osmotic adjustment is characterized by the
accumulation of solutes in the cell (Inada et al., 1992). This accumulation of solutes retains water
in the cell through the principle of osmosis during times of low water potential. In times of low
water potential, osmotic adjustment can stabilize various macromolecular structures. Plants also
produce stress proteins under times of drought (Wahid et al., 2007). These stress proteins are
soluble in water which means the proteins contribute to stress tolerance by hydration of cellular
structures.
In maize, Monneveux et al. (2005) evaluated the drought tolerance progress in several
tropical maize populations under recurrent rounds of selection under drought. The study found
that yield increases, the measure of progress in maize drought tolerance, was more associated was
improved portioning of assimilates rather than an improvement of other physiological or molecular
improvements. This study found that there were increases in the number of ears per plant and
grains per ear and decreases in the abortion rates and the anthesis-to-silking interval. This
improvement also resulted in an increase of ear dry weight and harvest index at the cost of tassel
and stem dry weights.
Sorghum genotypes have some unique tolerances to drought. Sorghum germplasms exhibit
variation in two different forms of drought tolerance. The first type is pre-flowering drought
resistance which, as the name suggests, is expressed when plants are exposed to drought conditions
prior to flowering.

Susceptibility to pre-flowering stress is manifested as leaf rolling,

uncharacteristic leaf erectness, leaf bleaching, leaf tip and margin burn, delayed flowering, saddle
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effect, reduced panicle exertion, floret abortion, and small panicle size. The other type is postflowering drought tolerance that is expressed during grain development. Susceptibility to postflowering drought is manifested as premature plant death, stalk lodging, stalk rot, and reduction in
seed size. Very few genotypes exhibit high levels of pre-flowering and post-flowering drought
tolerance.
Stay-green is a post-flowering drought adaptation in sorghum (Borrell et al., 2014). There
are four major quantitative trait loci (QTL) for stay-green: Stg 1, Stg 2, Stg 3, and Stg 4 (Xu et al.,
2000). The stay-green trait is expressed as delayed leaf and stalk senescence during grain fill in
sorghum, hence the name, stay-green. This delayed leaf senescence is largely due to the more
efficient balance between the supply and demand for water in these plants. These traits can reduce
the transpiration per unit leaf area through changes in stomatal density, stomatal aperture, and
timing of stomatal opening which in turn reduces the water demand (Borrell et al., 2014). The
supply of water available can be modified by altering tillering patterns (van Oosterom et al., 2011),
leaf number per culm, and individual leaf size (Borrell et al., 2000).
Borrell et al. (2014) revealed some very specific physiological effects of the stg QTL on
stay-green sorghum lines. They found that the stg loci increased grain yield under drought stressed
conditions and only minimally cost yield under well-watered conditions. The increased grain yield
was connected to reduced canopy size at flowering which was a direct result of reduced tillering
and smaller upper leaves under drought stress which allowed for greater grain fill even under stress.
This decrease in canopy size shifted a significant amount of water use from pre-flowering (water
goes to the canopy) to post-flowering (water used for grain fill). The stg loci may also reduce the
transpiration per unit leaf area in the remaining canopy according to this study. While not
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conclusive, there was evidence that the stg genes also modify the root architecture and water
extraction patterns of drought stressed sorghum to better utilize soil water.
There have been several studies of the differences in drought tolerance between maize and
sorghum. Analyses of sweet sorghum and maize performance under well-watered and drought
conditions showed that sweet sorghum performed better under drought stress (Zegada-Lizarazu et
al., 2012). The ratio of plant height under drought and well-watered conditions shows that
sorghum plants maintained height more than maize throughout the growing season. This indicates
that the stem elongation and growth rates were less affected by drought in sweet sorghum. Sweet
sorghum also significantly reduced its LAI compared to maize under drought stress to moderate
water use. While this could equate to a reduction in the available photosynthate, it also means a
reduction in transpiration. Sweet sorghum also maintained physiological activity, including rates
of photosynthesis, transpiration, stomatal conductance, and leaf water potential, under drought
stress while the physiological activity of maize was hampered. Sweet sorghum had higher water
use efficiency (WUE) at the end of the season as opposed to maize because of an end of season
rise in the WUE in the drought stressed plants. This indicates that sorghum has the ability to
increase its WUE in response to drought while maize under drought stress has a much more limited
ability to improve its WUE. Maize also had decreased performance from photosystem II because
of the inability to absorb light and dissipate energy.
Aboveground biomass and root mass were reported to be important components
differentiating drought tolerance of maize and sweet sorghum. Drought stressed sweet sorghum
produced 90% of the biomass produced under well-watered conditions while maize under drought
stress only produced around 40% of the biomass of its well-watered counterpart at the beginning
of the growing season (Zegada-Lizarazu et al., 2012). By the end of the growing season, the
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drought stressed sorghum had a 38% reduction in biomass while the maize had a 47% reduction
in biomass as compared to their respective well-watered counterparts. The sweet sorghum also
developed a larger and more evenly distributed root system that penetrated deeper into the soil
profile as compared to maize. In another study, the above ground dry weight of the sweet sorghum
and the maize showed almost no difference under well-watered conditions; however, the
aboveground dry weight of sweet sorghum was significantly more than that of maize under drought
conditions (Schittenhelm & Schroetter, 2014). Sweet sorghum also exhibited greater rooting in
the subsoil than maize and penetrated more extensively into the deeper soil horizons. Sweet
sorghum also had higher root length densities than maize under low water conditions. These
studies helped solidify sorghum’s higher drought tolerance in comparison to maize.

1.3.4 Measuring Water
Relative water content (RWC) can be easily measured by harvesting plant leaf samples and
immediately weighing them to obtain the fresh weight (FW) (Turner, 1981). The leaf material can
then be floated on water until it becomes completely turgid to obtain the turgid weight (TW).
These samples can be dried to obtain the dry weight (DW). These values can be plugged into the
equation RWC = [(FW – DW) / (TW – DW)] * 100 to obtain the relative water content of a plant.
While this measure is very accurate and straightforward, it is destructive and very time and labor
intensive over a large number of plants. Non-destructive, machine-based methods are being
developed to overcome these challenges.
Terahertz time-domain spectroscopy has been used to develop an algorithm that could
accurately predict the relative volumetric fraction of water in plant tissues (Gente et al., 2013).
Terahertz time-domain spectroscopy measures the transmission of light through the plant that
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changes based on the water content of the leaves. This algorithm requires the species specific
dielectric functions (that are impacted by air space, water space, and solid tissue space of the leaf).
Remote thermal sensing has also been used to study plant water relations of soybean leaves
(Swain et al., 2012). Thermal imaging registers the temperature of leaves and varies based on
changes in rates of transpiration. Transpiration rate can be roughly correlated with the water
content present in leaves. This type of remote sensing could be advantageous in some situation
because it is not limited by leaf area index like many of the reflectance indices.
Radar has also been used to estimate water content (Ulaby & Bush, 1976). While most of
the remote sensing techniques are limited by weather conditions, radar is not. Synthetic aperture
radar is an all-weather solution that has been explored in the past but never widely adopted. Ulaby
and Bush (1976) studied the backscattering coefficient of the radar and how it related to water
content. They found a linear correlation between higher backscatter on the radar and lower water
content of a plant. This could possibly be the result of a slight decrease in canopy size because of
water loss allowing the radar to “see” more of the underlying soil which causes more backscatter.
Remote sensing of shortwave infrared (over 1500 to 1700 nm) and near infrared (around
820 nm) light reflectance was able to accurately predict Equivalent Water Thickness (EWT)
(Ceccato et al., 2001). EWT is the ratio between the quantity of water and the area of the leaf. It
corresponds to a hypothetical thickness of a single layer of water spread evenly over the whole
leaf area and is another measure of the water content in plants. Remote sensing can detect the
changes in the reflectance of a plant surface based on how dehydrated the plant is.
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1.4 Nitrogen
1.4.1 Causes and Results of Nitrogen Deficiencies
Nitrogen content of plants can be impacted by several factors. The first is a lack of nitrogen
in the soil. There are many inputs into the soil and losses from the soil system during to nitrogen
cycle (Lamb et al., 2014). The inputs of nitrogen into the system includes atmospheric fixation,
industrial fixation, soil organic matter, crop residues, and animal manures. Leguminous crops can
contribute to soil nitrogen inputs because they contain nitrogen in high levels. Nitrogen from soil
organic matter is composed mainly of a stable material called humus that has accumulated over
long periods of time. Many parts of the world do not have the advantage of historic plant organic
matter, such as in semi-arid and arid regions, and this could lead to nitrogen deficiency in the soil.
Industrial fixation refers to the production of industrial fertilizers (Lamb et al., 2014).
Many parts of the developed world use fertilizers to overcome nutrient depletion. Industrial
fertilizers are made by combining atmospheric nitrogen (N2) with hydrogen (H2) to form ammonia
(NH3). Anhydrous ammonia can be used to manufacture other commercial fertilizers. While
commercial fertilizers are the most common way to deal with nitrogen deficiency, commercial
fertilizers are not equally available to all farmers across the world (Sanchez, 2002). In Africa,
commercial fertilizers are usually two to six times more expensive than in Europe, North America,
or Asia.
The final nitrogen input into the soil is through the atmosphere (Lamb et al., 2014). There
are two ways in which this happens: biological fixation and precipitation deposition. The nitrogen
in the atmosphere is generally unavailable to plants even though there is an abundance in the
atmosphere. However, legumes form a symbiotic relationship with different strains of Rhizobium
bacteria that inhabit nodules on the roots of the legumes. These Rhizobium bacteria are able to fix
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nitrogen from the atmosphere. The legumes use this nitrogen and the bacteria have shelter and
carbohydrates.

The addition of nitrogen to the soil through symbiotic nitrogen fixation is

substantial. Non-symbiotic nitrogen fixers also exist in the soil, however, the nitrogen added to
the soil via these organisms is negligible. Additionally, very small amounts of nitrogen are also
deposited into the soil through precipitation.
Nitrogen is lost from the soil in a variety of ways. One of those ways is through leaching
(Lamb et al., 2014). Leaching refers to the loss of nitrate from the soil via the nitrogen traveling
with excess water down through the soil profile below the root zone. Excess water can be added
through excess rainfall or excess irrigation. Soils that have a low water holding capacity, such as
coarser, sandier soils, also leach nitrogen more than finer, siltier soils. Nitrogen can also be lost
through soil erosion and runoff. This is another process that can result from poor management of
soils and can lead to ground surface contamination problems.
The processes of denitrification and volatilization also result in the loss of nitrogen from
soils (Lamb et al., 2014). Denitrification can occur when soils are warm and highly saturated for
several days. In this process, bacteria convert nitrate back in to nitrogen gas which is released in
to the atmosphere. The other process, volatilization can occur when nitrogen sources are applied
at the surface level. In this process, these nitrogen sources volatilize and turn to ammonia gas
which is lost to the atmosphere.
Finally, the majority of nitrogen is lost from the soil system through crop removal (Lamb
et al., 2014). This is the process by which crops remove the nitrogen from the soil and store it in
the seeds. When that crop is harvested, the nitrogen leaves the system. In developing parts of the
world, such as much of Africa, soil fertility is becoming a large problem because small scale
farmers have removed large quantities of nitrogen from the soil but have not replaced the nutrient
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with any additional nitrogen sources (Sanchez, 2002). Africa has, on average, a very high
depletion rate with an estimated 22 kilograms of nitrogen per hectare being removed from the early
1970s to the early 2000s and not replaced.
Whether from a lack of nitrogen input or an excess of nitrogen output, nitrogen deficiencies
happen around the globe to a variety of crop species and affect plants in a variety of ways. Nitrogen
deficiency leads to several visible symptoms (Tucker, 1984). When plants are nitrogen deficient
from planting, the plants appear small with thin leaves, small stems, fewer lateral tillers, fewer
branches, and fewer shoots. In early growth stages, the leaves are pale yellowish-green because
of the lack of chlorophyll which is produced using nitrogen. As the plants get older, the nitrogen
deficiency is visible in different ways. Nitrogen is a mobile nutrient in plant tissue which means
that the plant will reuse nitrogen from old tissue and move it to newer tissue. This often leads to
older leaves that become yellow and then brown. This older tissue might also develop red or
purple coloration because of the predominance of other pigments over chlorophyll. Eventually, if
there is not enough nitrogen to support the new growth, newer tissues will also turn yellow and
pale. In grass species, such as in maize and sorghum, nitrogen deficiency leads to very specific
symptoms. These symptoms include the tips of older leaves turning yellow and then “firing” or
dying. In maize, a V-shaped pattern of dead tissue proceeds up the leaf from the tip. In sorghum,
nitrogen deficiency may appear similar to potassium deficiency where the margins of the leaves
begin to deteriorate.
While the visible symptoms might be the most telling sign of nitrogen deficiency, the
internal results of nitrogen deficiency are what kill the plant. Much of the plant response to
nitrogen deficiency is centered on photosynthetic elements. One study concluded that nitrogen
deficiency leads to a breakdown of proteins in wheat chloroplasts, peroxisomes, and cytosol
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(Crafts-Brandner et al., 1998). Another study concluded that the degradation of photosynthetic
pigments and proteins is a typical characteristic of leaf senescence due to nitrogen deficiency
(Deng et al., 2001). Ribulose-1,5-bisphosphate carboxylase/oxygenase (Rubisco) is the first
enzyme that degrades in the Calvin Cycle during senescence in wheat plants and this decrease
occurred within the first day of nitrogen stress. Zhao et al. (2005) determined that nitrogen
deficiency decreased the leaf area, chlorophyll content, and photosynthetic rates of sorghum plants.
The decreased photosynthetic rate was mainly due to the decrease in stomatal conductance and
intercellular CO2 concentration. Nitrogen deficiency ultimately resulted in lower dry matter
accumulation (Zhao et al., 2005).
1.4.2 Water Stress and Nitrogen
Nitrogen deficiency as a result of drought is the largest contributor to the decrease of
growth under drought stress (Heckathorn et al., 1997). Nitrogen is one of the most important
macronutrients for a plant (Marschner, 1995).

Organically bound nitrogen in the form of

glutamine and glutamate are used to build all amino acids, amines, ureides, peptides, and proteins.
Structural proteins are necessary to maintain the structure and function of the plant. Chlorophyll,
another protein rich in nitrogen, is an extremely plant important protein critical for photosynthesis
and plant growth. Applications of nitrogen can help increase antioxidative defense mechanisms.
These are important when light is not limiting to protect the photosynthetic pigments from
photooxidation and the leaves from senescence. One study found that in sorghum, severe nitrogen
deficit affected the height of the sorghum plants (Zhao et al., 2005). Even moderate nitrogen
deficit decreased the leaf area and dry matter accumulation in sorghum.
Plant nitrogen content decreased by almost 4% in one drought stress study (He & Dijkstra,
2014). In other studies, drought reduced plant growth by reducing nitrogen uptake, transport, and
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distribution (Rouphael et al., 2012) because of a decline in soil moisture (Fierer & Schimel, 2002;
Chapin, 1991; Schimel et al., 2007). Water stress can reduce plant nutrient uptake by reducing
nutrient supply through mineralization (Sardens & Penuelas, 2012; Cramer et al., 2009). It can
also reduce plant nutrient uptake by reducing nutrient diffusion and mass flow in the soil, and
decreased leaf litter N composition by more than 50% compared to regular weather conditions
(Sanaullah et al., 2012). Within the plant, nitrate reductase has decreased activity under water
stress (Azedo-Silva et al., 2004), and nitrogen content in the leaves partially regulates transpiration
(Cramer et al., 2009).

1.4.3 Adaptations to Nitrogen Stress
Plants adapt to low nitrogen in a variety of ways including nitrogen transport,
photosynthetic elements, cell biochemistry, and morphology. In one study, low nitrogen stress
revealed differentially expressed genes between nitrogen stress tolerant and sensitive sorghum
genotypes (Gelli et al., 2014). Low nitrogen treatments increased the high-affinity transport
system for nitrate and ammonium in all sorghum genotypes; however, the tolerant genotypes
expressed the high affinity transporters much more than the sensitive genotypes. This indicates
that the tolerant genotypes increased these transporters in order to uptake more nitrogen from the
soil. The same study also found that tolerant genotypes increase the high affinity amino acid
transporters for more efficient uptake of amino acids from the soil.
Plants also modify a number of photosynthetic elements in response to nitrogen deficiency.
One of the most notable changes in the photosynthetic elements is the decrease in chlorophyll
content and the drastic increase in zeaxanthin (Khamis et al., 1990). The dramatic increase in
zeaxanthin is related to protection of photosystem II (PSII). This photosystem is one of the first,

23
and major, steps in photosynthesis. Since the light saturation point of nitrogen limited plants is
reduced, PSII is more easily damaged. Nitrogen limited plants do not appear to suffer large
amounts of photoinhibitory damage when exposed to high irradiance because of the protective
zeaxanthin which dissipates the excitation energy. The decrease in the amount of chlorophyll is
significant but the photosynthetic efficiency doesn’t drop as much. The nitrogen stressed plants
were much more efficient in terms of carbon assimilation per photosynthetic unit. Mu et al. (2016),
showed that maize plants displayed a 54% increase in photosynthetic N-use efficiency and that the
plants invested more nitrogen to sustain electron transport while the amount of chlorophyll was
actively reduced to control excess electron production.
Analyses of gene expression under N sufficient and limited conditions also suggested
numerous cell biochemistry adaptations that plants undergo due to nitrogen limitations (Gelli et
al., 2014). First, this study shows the transcripts most abundantly expressed in sensitive genotypes
include an increase in secondary metabolites such as flavonoids and anthocyanins, as well as an
increase in the production of Cytochrome P450s which are related to anthocyanin production. The
researchers also noticed an increase in a transcript involved in the synthesis of glycine betaine.
Glycine betaine is an osmoprotectant that accumulates in the cell and has been associated with
abiotic stress protection. Another important change found in sensitive genotypes were changes in
the cell wall biochemistry including proteins responsible for wall assembly, remodeling during
growth, development, and stress responses. One of these proteins was β-expansin which plays a
key role in the cell wall expansion and in root growth and development. Gelli et al. (2014) also
found that auxins and cytokinins were altered in sensitive genotypes. Under stress, several auxin
response factors were more highly expressed in the sensitive genotypes as opposed to the tolerant
genotypes which may have resulted in the reduced root mass noticed under nitrogen stress. Five
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different kinases were similarly altered under nitrogen limitations in the sensitive genotypes which
may be important in adaptation to low nitrogen stress.
The nitrogen stress tolerant genotypes accumulated a transcript for cell wall invertase-2
that was “massively increased” in the tolerant genotypes under nitrogen limitation (Gelli et al.,
2014). This enzyme is related to the sucrose degradation in the cell which could promote the
carbon partitioning in favor of sucrose accumulation in order to counteract some of the stress
symptoms. Another transcript, SEC14 cytosolic factor, was also highly expressed in the tolerant
genotypes and acts as a signal precursor that activates stress response genes that increase the
stability of the membrane. Finally, the study mentions a structural constituent of ribosomes and
translation elongation factors that were abundant in the low-N tolerant genotypes.
Much of the plant adaptation to low-N environments has to do with root morphological
features. On a grand scale, plants tend to modify root morphology by increasing root length, root
hair density, and lateral root number in low-N environments (Miller and Cramer, 2005). Gelli et
al. (2014) found that tolerant sorghum genotypes produce higher root mass compared to the
sensitive genotypes under nitrogen limitation (Gelli et al., 2004). In maize, Chun et al. (2005)
demonstrated that shoot growth is reduced in low-N environments, but root biomass is not altered
resulting in an increase in the root to shoot ratio. Maize increases the total root length per plant,
elongates individual axial roots, and enhances lateral root growth all while decreasing the number
of axial roots per plant. This provides an opportunity for the plant to explore the soil for nitrogen
sources while not producing too much root biomass. Saengwilai et al. (2014) determined that a
certain type of cell, root cortical aerenchyma (RCA), also plays key role in low-N stress tolerance.
RCA expression is increased in plants under low-N stress in both the field and the greenhouse
which led to reduced root respiration and reduced tissue nitrogen content. These RCA cells
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resulted in a substantial increase in yield for the high-RCA producing genotypes versus the lowRCA producing genotypes under low nitrogen conditions. This study concluded that the RCA
reduced root metabolic costs, permitted greater rooting depth, and enhanced nitrogen acquisition.
Leaf morphology is also modified in low-N environments. Photosynthesis is maintained
by a reduction in leaf expansion which ultimately leads to lower leaf areas (Me et al., 2016). This
reduction in leaf area sustains the leaf nitrogen concentrations better because there is less leaf area
for the same, or lower amounts, of nitrogen under conditions in which the plant is not taking up
enough nitrogen. Interestingly, the stay-green morphology in sorghum also plays a role in nitrogen
stress tolerance. Studies of stay-green sorghums at ICRISAT suggested that the stay-green
characteristics of some sorghum genotypes translated into higher leaf nitrogen status resulted in
the ability to maintain photosynthetic capacity, produce higher yield, and resist lodging under
lower nitrogen situations (Borrell et al., 1999).
1.4.4 Measuring Nitrogen
One of the earliest methods of determining the nitrogen content of organic compounds was
developed in 1883 by Johan Kjedahl (Munoz-Huerta et al., 2013). The Kjedahl digestion method
has been widely used to determine nitrogen content of food, beverages, grain, manure, waste water,
soils, and plants. This method consists of three general steps. The first step is wet digestion where
a concentrated acid is mixed with the sample in a Kjedahl flask and heated until it clarifies as the
CO2 evolves. This results in an ammonium sulfate solution. The second step is to add NaOH to
the ammonium sulfate and distill the solution. The addition of the NaOH turns ammonium ions
into ammonia which is then passed through the condenser with heat and is trapped in a receiving
solution. The ammonia concentration in the solution is proportional to the nitrogen content of the
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sample. An estimate of the ammonia concentration in the solution is reached through a titration in
the third general step.
Other methods for measuring the ammonia concentration in step three have also been
evaluated. Clifton & Clifton (1991) used an indophenol calorimetric procedure to estimate the
ammonia content using a spectrophotometer. Lee et al. (2008) used diffusion conductimetry which
passed the solution through a gas-permeable membrane and carries the ammonia to a conductivity
cell where the ammonia concentration is measured. This test produced more accurate results
compared to titration and calorimetry methods. Pontes et al. (2009) used an ion chromatography
to determine the ammonia concentration. This test was more sensitive than other methods and
used no carcinogenic materials; however, the test was significantly more expensive than
indophenol calorimetry. The most pressing problem with the Kjedahl digestion is the fact that it
can only measure organically bound nitrogen and not other forms of nitrogen such as nitrate and
nitrite (Munoz-Huerta et al., 2013).
In the early 1900s, Jean-Baptiste Dumas developed another nitrogen content determination
process based on combustion (Munoz-Huerta et al., 2013). The method he starts by heating the
sample in a tin capsule to temperatures between 800 and 1000°C. The water vapor created during
the combustion is removed. Then, the nitrogen oxides in the sample are reduced, turning them
into N2 gas. The other gases present with the N2 gas are removed and the gaseous nitrogen content
is measured. The Dumas procedure uses no toxic reagents and is more accurate when the sample
has a substantial amount of nitrate (Watson & Galliher, 2001). The Dumas combustion method
has several drawbacks. This procedure requires a very small sample size, and incomplete
combustion of the sample can produce inaccurate measurements of nitrogen level (Unkovich et
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al., 2008). In addition, both the Kjedahl digestion and the Dumas combustion methods involve
destructive sampling of part of the plant or the whole plant (Munoz-Huerta et al., 2013).
Optical measurements can provide non-destructive estimates of plant N content (MunozHuerta et al., 2013). These sensors can be categorized in a variety of ways. They can be either
leaf level or canopy level. Leaf level sensors take measurements of individual leaves one at a time.
Canopy level sensors take measurements of the whole canopy at once. Sensors can be passive or
active sensors. Passive crop canopy sensors take their measurements using only the sunlight
available while active sensors have an integrated light source. Sensors can also be categorized by
the type of light they measure. Transmittance measurements are the measure of light not absorbed
by the chlorophyll that instead passes through the plant (“Fluorescence vs Transmittance”, n.d.).
This is obtained by putting a light source in line with the sensor with the plant in between.
Fluorescence measurements are obtained by placing a light source perpendicular to the line of sight
of a sensor. Fluorescence meters measure the small amounts of longer wavelengths emitted by the
chlorophyll in a short amount of time after being absorbed (Tremblay et al., 2012). This light is
emitted due to the plant absorbing excess light energy and having to dissipate it. And finally,
reflectance is the measurement of the light that is reflected off the surface of a plant (“Reflectance
and Transmittance”, 2016).
Soil plant analysis development (SPAD) meters determine the relative amount of
chlorophyll in a leaf by measuring the transmittance of light through the leaf in two wavebands
(600 to 700 nm and 400 to 500 nm) (Loh et al., 2002). It essentially measures the greenness of the
leaf in a nondestructive way. Because chlorophyll is the greatest sink of nitrogen in the leaves,
SPAD meters can be used to estimate the relative nitrogen content in leaves. SPAD meter readings
and actual chlorophyll concentration are highly correlated (Xiong et al., 2015). SPAD readings
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and nitrogen content are also highly correlated, but the correlation was lower than the correlation
between SPAD and chlorophyll content. The relationship between SPAD readings and nitrogen
content is significantly affected by environmental factors and leaf features of the specific crop.
Plant stress, such as lower or higher concentrations of nitrogen, can alter the chlorophyll
fluorescence which can be read by a fluorescence sensor, such as a Multiplex sensor (Tremblay et
al., 2012). The Dualex sensor is another example of a fluorescence senor (Samborski et al., 2009).
As opposed to reading the fluorescence from the chlorophyll, this sensor measures the fluorescence
from the polyphenolics in the plant. Polyphenolics are secondary metabolites produced and stored
in a plant during periods of stress, namely low nitrogen availability. The sensor uses chlorophyll
as a photosensor that emits fluorescent light in response to the light reaching the mesophyll. The
phenolics contribute to UV absorption in the leaf so the content of polyphenolics can be assessed
and used as a proxy for nitrogen content. As nitrogen content increases, the concentration of
polyphenolics in the cells decrease.
There are a multitude of sensors that measure the reflectance of plants (Samborski et al.,
2009).

The Yara N-Sensor is a passive sensor with two spectrophotometers.

One

spectrophotometer measures the crop light reflectance and the other permanently corrects the
reflectance signal under changing levels of light. The GreenSeeker is an active sensor that emits
light energy from diodes and uses a spectrophotometer to read the crop light reflectance.
More obscure and less widely used methods are also employed to determine nitrogen
content of plants. The nitrogen status of a plant can be determined by evaluating the nitrate
concentration of the leaf or petiole sap (“Petiole sap nitrate guidelines”, 2011). The sap is squeezed
from the leaf or the petiole and evaluated with nitrate test strips. Nitrate-selective electrodes can
also be used to determine nitrate concentration (Parks et al., 2012).
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1.5 Hyperspectral Imaging
1.5.1 Introduction
Phenomics is the “acquisition of high-dimensional phenotypic data on an organism-wide
scale” (Houle et al., 2010). Put very simply, phenomics is large scale phenotyping. The field of
phenomics is used to determine ideal ecotypes for an area, evaluate a trait or series of traits of
interest, and establish how a phenotype relates to a genotype. The current difficulty in agriculture’s
ability to implement wide scale phenomic applications is a bottleneck in the detection and
utilization of genetic variation present in crop species (Araus & Cairns, 2014).

Robotic,

environment controlled, fully automated phenotyping pipelines have been developed in
greenhouses and growth chambers. High-throughput field phenotyping techniques are now being
established.
Remote sensing has been utilized to generate agricultural data for a number of years.
Remote sensing is defined as deriving data from earth’s land and water surfaces using overhead
images that are produced using reflected or emitted light from some region of the electromagnetic
spectrum (Campbell & Wynne, 2011). The origins of using images to gather information aerially
began in World War I to gather military information. There have been a number of applications
of remote sensing to agriculture over time. Remote sensing has been used to estimate both nitrogen
and water contents of plants. Remote sensing has also been used to develop calendars for specific
crops and specific regions, crop identification, determination of crop growth stages and harvest
readiness, and determination of water content to aid irrigation schedules. Much of the remote
sensing has been done using multispectral sensors that examine a few, very broad bands of the
electromagnetic spectrum. Hyperspectral remote sensing is based on the evaluation of many
(around 200), narrow (around 10 nm wide) bands as they reflect off the area of interest. The
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objective lens collects this radiation and the collimating lens projects the radiation as a beam of
parallel rays through a diffraction grating. The diffraction grating separates the radiation into
distinct spectral bands. The energy contained in the specific bands is detected by linear arrays of
silicon and indium antimonide. The output of the hyperspectral sensor is a relative value based on
the qualities of the radiation.
Remotely sensed images are defined by spectral resolution and spatial resolution
(Govender et al., 2007). Spectral resolution has to do with the number and width of the bands
measured in the electromagnetic spectrum. Multispectral sensors have lower spectral resolution
as compared to hyperspectral sensors because they only measure a small number of wide bands
while hyperspectral sensors measure a large number of narrow bands. Spatial resolution refers to
the level of detail in an image as a function of the design of the sensor. Level of detail is described
as a measure of the smallest object that the sensor can measure with the smallest object being
larger than a pixel.
Recent implementation of satellites with hyperspectral sensors and the decreased cost of
hyperspectral sensors has allowed more access to hyperspectral data. Hyperspectral remote
sensing was used to identify nonnative, invasive species (Underwood et al., 2003). This study
showed a 97% accuracy in identifying whether the invasive plant, iceplant, was present in
California ecosystems. In another application, the analysis of hyperspectral data collected in
soybeans was used to predict the sucrose, glucose, fructose, and nitrogen content of different
cultivars of soybeans (Monteiro et al., 2007).
Hyperspectral images collected on stands of wheat infected with leaf rust were used to
detect leaf rust as soon as five days after inoculation when there were only very slight visible
symptoms of the disease (Franke et al., 2005). In this study, the hyperspectral data was more
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informative than the multispectral data due to the multispectral sensor’s lower spectral sensitivity,
thus it was much more susceptible to external factors such as illumination conditions. A different
study mapping California marshland also compared multispectral data to hyperspectral data (Rosso
et al., 2005). This study determined that multispectral data was insufficient to distinguish
vegetation species in wetland environments because the divisions between species are very fine
and the low spectral and spatial resolution of the multispectral sensors could not be used map the
vegetation accurately.
1.5.2 Vegetation Indices
Vegetation indices are mathematical equations that use reflectance values of specific
wavelengths or ranges of wavelengths and transform these reflectance values to mitigate the effects
of atmosphere, solar illumination, soil background, and sensor viewing geometry to make the
reflectance values more accurate (Jain et al., 2007). These transformed reflectance values are then
correlated to a trait of interest such as stress detection, pigment estimation, and biophysical
properties. The multiple ways to categorize vegetation indices reveals the diversity, applicability,
and structure of vegetation indices.
Perhaps the broadest definition of vegetation indices divides them into two categories:
broadband and narrowband (Agapiou et al., 2012). Vegetation indices are sorted into these two
categories based on the wavelength characteristics used in their formula. Broadband indices use
reflectance measurements from a region of the electromagnetic spectrum, such as red, near
infrared, or green region.

Broadband indices can be calculated using multispectral data.

Narrowband indices use reflectance measurements from specific wavelengths in their equations,
such as 670 nm or 800 nm. Narrowband indices can be calculated using multispectral data. Many
handheld devices have been developed to calculate either broadband or narrowband indices.
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Thenkabail et al. (2011) divided vegetation indices into structural, biochemical, and
physiological indices. Structural indices include fractional cover, green leaf biomass, leaf area
index, senesced biomass, and photosynthetically absorbed radiation. Biochemical indices measure
compositional variation such as water, pigments (chlorophyll, carotenoids, and anthocyanins),
protein and amino acids, and plant structural materials (lignin and cellulose). Physiological/stress
indices measure the minute difference in reflectance induced by stress from changes in
xanthophylls, chlorophyll content, or leaf moisture.
Jain et al. (2007) characterized vegetation indices into three categories: structural,
chlorophyll and red-edge indices. Structural indices vary based on internal structures of the cell.
Chlorophyll indices measure the chlorophyll content in plants as indicated by greenness and can
be used to roughly determine nitrogen content in the plant. The red edge indices utilize the rednear infrared transition zone based on the strong absorption of chlorophyll in the red wavelengths
and strong reflectance in the near infrared wavelengths.
Stagakis et al., (2010) divided the vegetative indices into 5 categories based on their
mathematical design and intended areas of use. The first category is broadband greenness indices.
They measure the chlorophyll content of the plant (aka the greenness) using broadband reflectance.
Narrowband greenness predicts the same properties but use narrowband reflectance measures.
Both of these can be used to measure chlorophyll content, nitrogen content, and sometimes even
water content. Leaf pigment indices include both broadband and narrowband indices and measure
the carotenoid or anthocyanin content of a plant. Stress indices were developed to monitor stress
conditions in the plant including the water status in the canopy.
The structure and the equations used to compute these vegetation indices reveal much about
intended use and applications. One of the simplest indices is the difference vegetation index. It is
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simply the reflectance in the near infrared region minus the reflectance in the red region. There
are simple ratios which take one number divided by another. The simple ratio is reflectance in the
near infrared region divided by reflectance in the red region of the electromagnetic spectrum.
Because it is a ratio, it reduces the effects of atmosphere and topography by eliminating irradiance
and transmittance (Sutton, 2012). The normalized difference vegetation index (NDVI) is one of
the most widely used indices (Jain et al., 2007). It was developed for use with broadband
multispectral data (Jurgens, 1997). Its original equation, (ρNIR – ρRed) / (ρNIR + ρRed), is a
classic example of a normalized equation (Sutton, 2012). Normalized equations seek to mitigate
errors and variation. Many of the most important indices, such as NDVI, have been modified for
application using hyperspectral data (Jurgens, 1997). NDVI was modified via experimentation to
find the ideal wavelengths to give the most accurate measurements with the resulting equation
(ρ800 – ρ680) / (ρ800 + ρ680 – 2(ρ445)). While normalized indices are efficient at reducing errors,
they do not eliminate them (Sutton, 2012).
There are hundreds of vegetation indices. A few examples are explored in the following
pages to demonstrate the range and breadth of the applicability of the most common vegetation
indices. One study used the NDVI to generate a plot of the vegetation profiles across Africa over
time to be analyzed for variations in rainfall and vegetative cover types (Townshend & Justice,
1986). Hansen and Schjoerring (2003) used NDVI generated from hyperspectral data to evaluate
green biomass, leaf area index, leaf chlorophyll concentration, leaf chlorophyll density, leaf
nitrogen concentration, and leaf nitrogen density of wheat in order to determine the most predictive
statistical model. NDVI at the V8 stage was used to model yield and nitrogen demand for maize
(Teal et al., 2006).
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Another vegetation index measured is the photochemical reflectance index (PRI). This
index is derived from the reflectance at 531 nanometers and 570 nanometers. This index is a good
indicator of the photosynthetic radiation use efficiency which is defined as the net CO2
assimilation rate per incident photon flux density. The PRI was used to correlate with the
zeaxanthin content of barley under two different nitrogen treatments (Fillela et al., 1996). The
zeaxanthin content of the plants was shown to be different under the two different nitrogen
treatments and could be detected by the PRI. Only one year later, another study analyzed the
zeaxanthin contents and a fluorescence-based index of photosystem II photochemical efficiency
and related it back to the PRI in 20 different species of annuals, deciduous perennials, and
evergreen perennials (Gamon et al., 1997).
Photochemical reflectance index can be highly correlated to water content and nitrogen
content because photosynthesis is dependent on both water and nitrogen. The nitrogen reflectance
index (NRI) was used in a different study for nitrogen management of maize in the field (Bausch
et al., 1996). This study determined that NRI represents the plant N status of the maize plants in
the field.
Several other indices including the anthocyanin reflectance index (ARI) have been used to
predict to estimate plant pigments in leaves (Gitelson and Solovchenko, 2017). ARI was used to
estimate the anthocyanin content of leaves which have been used to monitor plant stresses and has
been correlated with the physiological status of the plant. The physiological reflectance index
(PhRI) has been used to sense the de-epoxidation state of the xanthophyll cycle (Peguero-Pina et
al., 2007). This measures the breakdown of a photochemical process, the xanthophyll cycle, in
response to drought stress which can indicate the water status of a plant as photosynthesis is highly
affected by lack of water.
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The structure-insensitive pigment index (SIPI) is related to the carotenoid/chlorophyll a
ratio (Penuelas et al., 1995). SIPI is related to the ecophysiological status of the leaf and the
plant. In sunflower, physiological changes related to nitrogen and water limitations were
associated with the normalized pigment chlorophyll ratio index (NCPI). NCPI was used to analyze
the carotenoid/chlorophyll ratio and was inversely related to the chlorophyll content and nitrogen
content of the leaves. The plant senescence reflectance index (PSRI) was developed to monitor
the response of grassland species to climate change (Ren et al., 2017). The PSRI could predict
precipitation based on the water content of the foliage.
1.5.3 Using Hyperspectral Data
Several recent studies have used hyperspectral imaging to predict nitrogen and
water status of plants. Optimized spectral indices and partial least squares regression models were
developed to predict nitrogen content of winter wheat (Li et al., 2014). This team found that the
optimized spectral indices were weak predictors of canopy nitrogen content before flowering, and
only NDVI and Normalized Area Over reflectance Curve (NAOC) showed consistent performance
across different calibration datasets. The optimum bands determined through partial least squares
regression increased the predictive power of the hyperspectral data.
Nigon et al. (2015) utilized partial least squares regression to predict nitrogen content of
potatoes. Two different cultivars of potatoes were grown under five different nitrogen treatments
to produce a hyperspectral imaging dataset that encompasses several genotypes and a wide range
of nitrogen contents.

While this study analyzed several narrowband indices, it ultimately

determined that partial least squares regression produced better predictions than the indices. This
is due to the sensitivity in the changes within the spectral bands that are predictive of nitrogen
content, namely the red edge region. Narrowband indices cannot capture these sensitive changes
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while partial least squares models do capture these changes. Nigon et al. (2015) pointed out that
one of the key downsides to PLS is that one must understand the number of latent variables and
how they change in response to environment.
Cotrozzi et al. (2017) related hyperspectral imagery with leaf water potentials to estimate
plant water relations in the foliage in Encina oak trees. Leaf water potential was measured at
predawn and midday, on different leaves under different levels of water availability. Ge et al.
(2016) conducted a similar study modeling plant water relations of maize in an automated imaging
system in a greenhouse at the University of Nebraska-Lincoln. The University of NebraskaLincoln study utilized PLS regression to predict shoot fresh and dry weights, plant area, and leaf
water content. Leaf areas and shoot weights were highly correlated to hyperspectral imaging in
the younger growth stages; however, as the two genotypes in this study became less phenotypically
similar, these correlations weakened. Plant water content was well predicted using PLS models
from the hyperspectral data for both genotypes, but the prediction was better for one genotype,
B73, because it had simpler morphological structure in later growth stages.
While PLS regression shows up in literature more frequently than other modeling
techniques, another common technique is machine learning. Kersting et al. (2012) developed a
type of regression called Dirichlet-Agregation Regression of phenotypes. This employs a matrix
factorization approach that can impose a natural distribution of only a handful of extreme data
samples across all clouds and time steps. This led to the first AI technique to detect early drought
stress in barley.
Another machine learning technique is support vector machine (SVM). Moshou et al.
(2012) used least square support vector machine (LSSVM) for modelling plant phenotypes. SVM
builds models by assigning samples to preassigned categories based on a training set. LSSVM is
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a version of SVM for regression that is developed by solving a series of linear equations as opposed
to a quadratic equation as in traditional SVM. These models were used for modeling water stress
and disease infection in wheat. LSSVM was used to analyze optical hyperspectral data to predict
the pathogen infection and the water status of wheat plants. The LSSVM technique reportedly
increased the classification performance of the model to 99%. Behmann et al. (2014) used ordinal
SVM to model drought stress phenotypes in barley. This is another regression technique in SVM
that works by labeling the training samples by rank which orders the different categories. Using
this technique, the researchers detected drought stress in the barley plants using hyperspectral
imaging before drought stress was apparent to the human eye.
Bhugra et al. (2017) used simplex volume maximization (SiVM) to model drought
tolerance phenotypes in three different genotypes of wheat in India. This technique works by
fitting a simplex with the maximum volume to the data. This essentially clusters different
treatments together in a similar result as support vector machine. This technique resulted in the
clustering of the different genotypes under different treatments indicating these models may be
good for classifying cultivars.
Several studies have analyzed both nitrogen and water together using hyperspectral
imaging. Pandey et al. (2017) phenotyped maize and soybean plants under different levels of
nutrient stress or water stress.

Macronutrients, micronutrients, and water content were all

predicted using PLS regression. Water content was predicted with the highest accuracy followed
by nitrogen, phosphorus, potassium, and sulfur. A similar study of nitrogen and water stresses in
spinach demonstrated that hyperspectral data could be used to predict the biomass, water content,
and nitrogen content (Corti et al., 2017). This study also performed partial least squares regression
in order to build the prediction models but came to an interesting conclusion. Reflectance and
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morphological based models for the entire plant worked best to estimate water content and
biomass, but for the nitrogen content, models developed from single leaves actually predicted the
nitrogen content better. This is one of the very few experiments that has evaluated nitrogen and
water treatments in concert.
1.6 Conclusion
Sorghum and maize are important cereal crops around the world with diverse industrial
and food-related applications and diverse responses to drought and nitrogen stresses. In the past,
these crops have been studied by hyperspectral imaging, and abiotic stress phenotypes have been
predicted using statistical models.

However, past experiments have suffered from lack of

wavelengths from the imager and from lack of genetic diversity in the crop of interest.
In the following chapters of this thesis, I will describe studies that utilize information
obtained through hyperspectral imaging to predict the relative water content and the nitrogen
content of sorghum and maize. The first chapter will focus on sorghum hyperspectral imaging
using three genotypes of sorghum selected for variation in drought tolerance and stay-green
capacity. The second chapter will focus on maize hyperspectral imaging using six genotypes of
maize selected for variable drought tolerance and low-N tolerance.
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CHAPTER 2: SORGHUM CALIBRATION STUDY

2.1 Introduction
Sorghum is a C4 grass that was domesticated in Ethiopia and southern Sudan about 3000
years ago (Dial, 2012). This annual or short-term perennial grass grows ideally on fertile, welldrained soil with the addition of 75-100 pounds of nitrogen per acre. However, sorghum is also
well adapted to less than ideal conditions such as low water and low nitrogen. Sorghum can even
go dormant in the event of early season drought stress, where the plant will halt the vegetative
growth and floral initiation until better growing conditions (“Sorghum bicolor”, n.d.). Late season
drought stress will halt vegetative growth but the plant will still continue floral initiation and
complete its lifecycle. While this is advantageous in regions of low fertility and low water, these
conditions still limit the productivity of the crop, thus it is important to breed varieties with drought
stress and nitrogen stress tolerance.
There are a variety of ways to analyze the water and the nitrogen status of plants in a
breeding program. However, most of these analyses are slow, labor intensive, and destructive to
the plant. Remote sensing of plant water and nitrogen status could speed up the process and
preserve the plants used in a breeding program. Phenomics is the intense study of the physical
aspects of an organism to evaluate traits of interest and establish how phenotype relates to genotype
in a species (Araus and Cairns, 2014). However, the wide range of genetic variation within crop
species is considered a bottleneck to phenomics applications in agriculture. This study seeks to
utilize hyperspectral imaging to predict the nitrogen and water status of sorghum by establishing
a calibration model that predicts these traits in several genotypes.
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Hyperspectral imaging is a type of remote sensing defined by the evaluation of many,
narrow bands across the electromagnetic spectrum (Campbell & Wynne, 2011). The many bands
refer to anywhere from 20 to over 500 bands across the electromagnetic spectrum from 400
nanometers up to 2500 nanometers (Fig. 1). The information is collected every 10 to 20
nanometers, which refers to the narrowness of the bands as well.

Figure 1. Electromagnetic spectrum

With this information collected from a hyperspectral sensor, models can be built that can
predict the nitrogen and water status of the plant. The hyperspectral data has been used to build
these models in a variety of ways in the past. These ways have included partial least squares
regression to predict both nitrogen and water contents of the plants (Li et al., 2014; Nigon et al.,
2015; Cotrozzi et al., 2017; Ge et al., 2016). Another popular technique is through machine
learning, such as variations on support vector machine (SVM), to predict water contents (Kersting
et al., 2012; Moshou et al., 2012; Behmann et al., 2014). Other techniques such as simplex volume
maximization to predict drought tolerance in wheat in India have also been applied in the past
(Bhugra et al., 2017).
However, all of these past studies have evaluated either water stress or nitrogen stress
separately save a few studies. One study out of the University of Lincoln-Nebraska combined
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water and nutrient stress in one genotype of maize and one genotype of soybean (Ge et al., 2016).
This study did not evaluate nitrogen stress by itself or evaluate more than one genotype of either
species. The lack of genetic variation in the species is one of the challenges of phenomics
mentioned above and could result in prediction models that are not able to be used for more than
one genotype. In a 2017 study in spinach, water and nitrogen stress were applied in concert and
hyperspectral models were built for water content, nitrogen content, and biomass (Corti et al.,
2017).
Previous studies have determined that nitrogen and water stress interact in expression of
plant phenotypes. One of the largest contributors to a decrease in growth under drought stress is
nitrogen deficiency (Hechathorn et al., 1997). In a 2014 study, over short term drought stress, the
plant nitrogen content decreased by almost 4% (He & Dijkstra, 2014) most likely due to a decrease
in nitrogen uptake, transport, and distribution (Rouphael et al., 2012) and reduced nitrate reductase
activity (Azedo-Silva et al., 2004) under drought stress. In the soil, nutrient diffusion and mass
flow as well as a decreased leaf litter nitrogen composition have also been observed under drought
stress conditions (Sanaullah et al., 2012).
Taking into consideration the goal of phenomics and the challenge of genetic variation in
crop plants, the methods for developing prediction models, and the importance of observing
nitrogen and water stress together, this study was implemented with the goal of developing
nitrogen and water content prediction models with wide applicability and high accuracy.
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2.2 Materials and Methods
2.2.1 Sorghum Seed Sources
For this project, three lines out of a Sorghum Association Panel were selected. A 1949 line
known as Tx7000, or Caprock was selected for several of its unique properties. This line is
categorized as a non-stay-green genotype (Walulu et al., 1994) that displays pre-flowering stress
tolerance (Kebede et al., 2001). Pre-flowering drought tolerance is particularly important in
sorghum from the panicle differentiation stage to just before flowering (Kebede et al., 2001).
The second line that was chosen was B35, which, in contrast to Tx7000, displays strong
stay-green characteristics (Walulu et al., 1994) and post-flowering drought tolerance from right
after flowering through maturation of the seeds (Tuinstra et al., 1996).
The final line selected for this project was the genotype BTx623. In 2009, Tx623 was used
as the reference for the complete sequencing of the sorghum genome (Paterson et al., 2009).

2.2.2 Soil Medium
A soil media was developed by our team to grow sorghum with much the same
characteristics as field conditions in 1.5 gallon pots that would still allow the application of long
term nitrogen stress and short term water stress. This was achieved by combining one third topsoil,
one third sand, and one third Turface Athletics MVP. Topsoil and sand were combined to provide
a substrate with low water holding capacities and low nutrient content. Turface is a calcined, nonswelling illite clay with 60% minimum amorphous silica with 5% or less iron oxide, aluminum
oxide, calcium oxide, magnesium oxide, potassium oxide, sodium oxide, and titanium oxide with
strong cation exchange capacity. The mixture was mixed thoroughly to maintain uniformity across
the entire experiment.
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2.2.3 Design of Experiment

The experiment was designed as a randomized complete block with nine blocks. Each
combination of genotype and treatment was represented in each block of the design. The
treatments are shown in Table 1.
Table 1. Genotype and treatment combinations evaluated in this experiment
Genotype
Tx623

B35

Tx7000

Nitrogen (mM)

Water

40

Fully watered

40

Severe drought stress

5

Fully watered

5

Severe drought stress

40

Fully watered

40

Severe drought stress

5

Fully watered

5

Severe drought stress

40

Fully watered

40

Severe drought stress

5

Fully watered

5

Severe drought stress

2.2.4 Application of Stress
Nitrogen treatments were applied over the entirety of plant growth for the sorghum
treatments. These treatments were established through the use of two different Hoagland’s
solutions with different levels of nitrogen. Preliminary studies had shown that the minimum
nitrogen rate for normal sorghum growth was 300 ml of Hoagland’s solution with 40mM
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ammonium nitrate applied weekly. Hyperspectral imaging revealed that 20 mM ammonium nitrate
solution produced plants that were not as green as plants grown using the 40 mM solution (Fig. 2).
Plant’s watered weekly with a Hoagland’s solution containing 5 mM ammonium nitrate solution
produced plants that were visually deprived of nitrogen but not significantly stunted in grown.

Figure 2. Predicted SPAD measurements in sorghum plants under six
different nitrogen treatments: 0, 5, 10, 15, 20, and 40 mM ammonium
nitrate

The original Hoagland’s solution was developed in 1938 by D.R. Hoagland and D.I. Arnon
and revised in 1950 by D.I. Arnon (Hoagland and Arnon, 1950). The solutions used in this
experiment were modified from the original recipe in order to provide all macronutrients and
micronutrients with two different levels of nitrogen. Five stock solutions were used to produce
the desired Hoagland’s solution including 1 M potassium phosphate monobasic solution, 0.33 M
magnesium sulfate anhydrous solution, 0.017 M ferrous sulfate heptahydrate solution, 1 M calcium
nitrate solution, and a micronutrient stock solution. The micronutrient stock solution contained 50
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mM potassium chloride, 25 mM boric acid, 2 mM manganese sulfate tetrahydrate, 2 mM zinc
sulfate, 0.5 mM cupric sulfate, and 0.5 mM molybdic acid.
The 5 mM ammonium nitrate solution, equivalent to a 0.6 mM nitrogen, combined 12 mL
KH2PO4, 6 mL MgSO4, 8 mL FeSO4/EDTA, 2 mL micronutrient stock, and 5 mL Ca(NO3)2
stock were used. To each plant, every week, 300 milliliters of solution was given. The 40 mM
ammonium nitrate solution, equivalent to a 4.15 mM of nitrogen, combined 12 mL KH2PO4, 6
mL MgSO4, 8 mL FeSO4/EDTA, 2 mL micronutrient stock, and 5 mL Ca(NO3)2 stock were used.
To each plant, every week, 300 milliliters of solution was given with an additional 0.9489 g of
ammonium nitrate in a total volume of 1 L. Each week, 300 mL of these solutions were applied
to each plant according to the treatment designations.
While the nitrogen treatments were applied over the life of the plant, drought treatments
were applied a short periods of time. From vegetative growth stage four until vegetative growth
stage six, all the plants received 600 mL of water from the automated conveyor belt system. After
vegetative growth stage six, the plants assigned to receive drought stress were watered with 150
mL of water each day for a week. The other plants assigned to the well-watered treatment received
600 mL of water each day. These two treatments produced drought symptoms in plants with
moderate to severe stress or well-watered plants with no drought stress symptoms.
2.2.5 Automated Imaging System
An automated, high-throughput imaging system installed in a greenhouse at Purdue
University was used in these studies. The system included a hyperspectral imaging tower that
accommodates top-view and side-view hyperspectral (HS) cameras. The tower can image plants
up to 1.5 meters tall. The HS cameras are Middleton Spectral Vision MSV 500 cameras with push
broom style scanning. The cameras scan from 400 to 1100 nanometers with a spectral resolution
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of 2.8 nanometers. Inside the imaging tower (Fig. 3), there are 8 studio halogen lamps to provide
lighting. The openings where the plant enters the towers (Fig. 4) have doors that automatically
close when imaging the plants, and the imaging time is approximately 1 minute per plant. The
plants were automatically rotated on the imaging platform so the widest plane of the plant is facing
the camera.

Figure 3. Camera and lighting system inside the
imaging tower

Figure 4. Entrance to imaging tower
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The automated system contains a conveyor belt system that can accommodate up to 108
pots that sit in carriers on the conveyor belt (Figs. 5 and 6). Each carrier and plant, is identified
by an RFID tag for imaging purposes.

Figure 5. Schematic of the automated
greenhouse conveyor belt system

Figure 6. Working conveyor belt
system

2.2.6 Relative Water Content Measurements
The process to measure relative water content (RWC) begins by harvesting and obtaining
the fresh weight (FW) of a portion of plant tissue (Turner, 1981). Then the plant material is floated
or submerged in water until the material is completely turgid and the plant tissue is weighed to
obtain the turgid weight (TW). Finally, the plant tissue is fully dried to obtain the dried weight
(DW). These values are used to determine the RWC using the equation RWC = [(FW – DW) /
(TW – DW)] * 100. In this experiment, the plant tissue sampled from the sorghum plant was
approximately 2.5 cm x 5.0 cm. The samples were submerged in deionized water overnight to
ensure the tissue was fully turgid without risking degradation. Finally, all samples were dried in
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a 90° F dryer until samples weighed the same on consecutive days. All weights were obtained
using the Mettler AJ100L balance with a readability of 0.1 mg, a tolerance of 0.1 mg, and a
linearity of 0.2 mg (D. Yaconis - Weighing Solutions Technical Specialist METTLER TOLEDO,
personal communication, June 13, 2018).

2.2.7 Nitrogen Content Measurements
Nitrogen content of leaf samples was analyzed by the Brouder lab in the Agronomy
Department at Purdue University using a Thermo Scientific FlashEA 1112 Nitrogen and Carbon
Analyzer for Soils, Sediments, and Filters (CE Elantech, Lakewood, NJ). This analyzer uses “flash
dynamic combustion” to convert organic and inorganic substances into combustion gases with
oxygen in the auto sampler.
This analyzer has three basic steps after combustion. First, the gas mixture enters reactor
one, a quart oxidation of components, at a temperature of 950°C. The next step takes place in
reactor two, made of copper, at a temperature of 840°C where nitrogen oxides are converted to
elemental nitrogen.

Finally, the sample is filtered through an adsorption filter into a

chromatographic column and from there to a conductivity conductor that generates electrical
signals that are translated into percentage of nitrogen.

2.2.8 Data Processing
The hyperspectral imaging data was processed by the Jin lab in the Agricultural and
Biological Engineering Department at Purdue University. The images were processed using a
segmentation procedure (Fig. 7) and then subjected to morphological analysis, reflectance
calculation, and spectral indices calculation. Segmentation utilizes plant materials distinct spectral
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reflectance signature, particularly at the “red-edge”, to segment the image into a black and white
image to distinguish plant material from surrounding material. This allows the calculation of
morphological traits such as canopy area, leaf area, number of leaves, height of the plant, and angle
of the leaves. This also allows for the calculation of the reflectance of every pixel of the plant.
Such reflectance across the entire range creates a profile of the entire, individual plant.
Along with the entire spectral reflectance, 9 different plant indices are calculated including
Normalized Difference Vegetation Index (NVDI), Narrow Band Normalized Difference
Vegetation Index (NBNVDI), Transformed Chlorophyll Absorption in Reflectance Index
(TCARI), Structure-Insensitive Pigment Index (SIPI), Plant Senescence Reflectance Index (PSRI),
Physiological Reflectance Index (PhRI), Normalized Pigment Chlorophyll Ratio Index (NPCI),
Anthocyanin Reflectance Index (ARI), and Nitrogen Reflectance Index (NRI). These can be
quickly used to evaluate the spectral response of a plant to different treatments. The hyperspectral
imaging also produces a reflectance data point at every pixel of every plant at every wavelength.
The average of all the pixels is calculated for every plant at every wavelength and this average was
used to represent the plant at a specific wavelength. Finally, all the results including plant
reflectance at every wavelength, plant morphology, and spectral indices were output into a results
table.

2.2.9 PLS_ToolBox in MatLab
The PLS_Toolbox is a software developed by Eigenvector Research Incorporated for use
in MATLAB (PLS_Toolbox, 2018). This software can perform Partial Least Squares (PLS)
regression, as was used in this study, but it can also perform many other functions including
Principal Components Regression, Support Vector Machine Regression, Artificial Neural
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Networks, and more. The interface involves loading x variables and y variables, selecting the
proper preprocessing steps, and the proper cross validation.

The x variables can be any

combination of spectral and morphological features including the values for the bands at measured
wavelengths, spectral indices calculated using the hyperspectral data, and morphological features
calculated using the segmentation.
A leave one out technique was used for cross-validation. The preprocessing steps vary
depending on the use of only spectral data or spectral and morphological data. Transmission or
reflectance was converted to absorbance in a log/1 conversion, multiplicative signal correction
(MSC) where the weighted normalization and baseline were removed using the mean, and the
mean offset was removed for each variable if PLS regression was applied to spectral data. Each
variable was mean centered and scaled to unit standard deviation and Savitzky-Golay smoothing
and derivatives were applied if PLS regression was applied to spectral and morphological data.
After a model was generated, the predicted values for the data set used to generate the
model were extracted. This model can be applied to any data set with the same number of bands
in the x variable.
2.3 Results
2.3.1 Relative Water Content
The relative water content (RWC) of the sorghum plants ranged from 55.5% to 99.7% of
the leaf section (Fig. 7). Both of the well-watered treatments had consistently high RWC close to
100% because the plants were well watered every day while the drought stressed treatments had
RWCs between 55% to 80%. There is a clear treatment effect. The statistical analysis of the RWC
is shown in Table 2. The formula used for the ANOVA is:
RWC ~ Treatment+Genotype+Treatment*Genotype
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The type III sums of squares were used because of the imbalance in the replications of
treatment C for the B35 genotype. The treatment effect was confirmed by the ANOVA, but no
genotype or treatment by genotype effects were observed.

A

Well-Watered;
40 mM N

B

Well-Watered;
5 mM N

C

Severe Drought Stress;
40 mM N

D

Severe Drought Stress;
5 mM N

Figure 7. Reference RWC by Treatment

Table 2. Analysis of Variance (ANOVA) table for reference relative water content
ANOVA Table (Type III tests)
Response: RWC
Sum Squares Df
(Intercept)
87145
1
Treatment
9299
3
Genotype
0
2
Treatment x Genotype 42
6
Residuals
816
95
Significance codes: 0 ,‘***’ 0.001, ‘**’ 0.01, ‘*’ 0.05

F Value
10146.8129
360.9054
0.0271
0.8243

Pr(>F)
<2e-16
<2e-16
0.9732
0.5539

***
***
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2.3.2 Nitrogen Content
The N content of the sorghum plants ranged from 0.85% to 2.27% of the leaf section (Fig.
8). This graph shows a treatment effect based on nitrogen levels and appears to show a treatment
interaction between the drought stress and the nitrogen stress. The well-watered, high nitrogen
treatment shows higher nitrogen content than the drought stressed, high nitrogen treatment. The
same was true for the low nitrogen treatments as well. The statistical analysis of the N content is
shown in Table 3. The formula used for the ANOVA is:
Ncontent ~ Treatment+Genotype+Treatment*Genotype
The type III sums of squares were used because of the imbalance in the replications of
treatment C for the B35 genotype. The ANOVA confirms that there is a treatment affect based on
the nitrogen but also shows a strong genotype effect and a strong treatment by genotype effect
(Table 3).
An interaction plot was generated (Fig. 9) to visualize the interaction between genotype
and treatment. Tx623 displays the most consistent response to nitrogen treatments. The average
N content for both of the high N treatments was similar, and the average N content for both of the
low N treatments was also similar. B35 had a different response to the treatments. The plants
under high water, for both high and low N treatments, had higher average N contents than the low
water counterparts. The same trend was present for Tx7000; however, the average N content of
Tx7000 under the high water and low nitrogen treatment was not as low as the other two genotypes.
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A

Well-Watered;
40 mM N

B

Well-Watered;
5 mM N

C

Severe Drought Stress;
40 mM N

D

Severe Drought Stress;
5 mM N

Figure 8. Reference nitrogen content by treatment

Table 3. Analysis of Variance (ANOVA) table for reference nitrogen content
ANOVA Table (Type III tests)
Response: N content
Sum Squares Df
(Intercept)
38.314
1
Treatment
5.721
3
Genotype
0.381
2
Treatment x Genotype 0.6
6
Residuals
1.063
95
Significance codes: 0 ,‘***’ 0.001, ‘**’ 0.01, ‘*’ 0.05

F Value
3423.636
170.4072
17.0098
8.9288

Pr(>F)
<2e-16
<2e-16
4.850e-07
9.994e-08

***
***
***
***
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Figure 9. Interaction plot of reference nitrogen content by genotype for the four N treatments

2.3.3 Relative Water Content Models using Spectral and Morphological Features
Spectral and morphological data from B35, Tx623, and Tx7000 were used to develop
models for predicting variation in RWC using PLS regression. The predictions were then
compared to the reference relative water content measurements (Fig. 10). The coefficient of
determination for this model is 0.906. This model was compared to models built using spectral
and morphological data from B35, Tx623, and Tx7000 individually (Figs. 11, 12, and 13). The
coefficients of determination for the models developed from the individual genotypes were 0.928,
0.900, and 0.896, respectively.
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All four models had a coefficient of determination around 0.9. In these models developed
using the data from all plants in the experiment, the model developed using the response from B35
was slightly better than the other two models developed using the data from Tx623 or Tx7000.
However, other models were developed using a randomly selected 70% of the data for the models
developed based on the response of all three genotypes individually. From these models, it was
clear that B35 is not consistently better at predicting the responses of the other two genotypes.

Predicted Relative Water Content of All Genotype Model

CV-Predicted RWC (%)
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R² = 0.9058
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Figure 10. Plot of reference RWC compared to cross-validated predicted RWC using the model
based on the response of all three genotypes
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Predicted Relative Water Content of B35 Model
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Figure 11. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of B35

Predicted Relative Water Content of Tx7000 Model
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Figure 12. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of Tx7000
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Predicted Relative Water Content of Tx623 Model
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Figure 13. Plot of reference RWC compared to cross-validated predicted RWC of all
three genotypes using the model based on the response of Tx623

2.3.4 Relative Water Content Models using only Spectral Features
PLS models developed using spectral and morphological data were compared with models
developed using only the spectral features of the hyperspectral data from B35, Tx623, and Tx7000.
The predictions of the models developed using the spectral features were then compared to the
reference measurements RWC (Fig. 14). The coefficient of determination for this model is 0.948.
Three more models were produced using the spectral features of the hyperspectral data for each of
the individual genotypes (Figs. 15, 16, 17) with coefficients of determination of 0.843, 0.843, and
0.796 respectively.
Models built using spectral and morphological features of the plant extracted from the
hyperspectral images were, in general, slightly, but not significantly more accurate than models
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built using only spectral features of the plant for both relative water content and nitrogen content
predictions. One notable exception was the full model using all genotypes to predict the relative
water content of all genotypes, where the coefficient of determination increased when the model
was built with spectral features only. The models developed using the spectral data only of B35,
Tx623, and Tx7000 respectively were slightly, but not significantly, less accurate.

Predicted Relative Water Content of All Genotype Model
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Figure 14. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of all three genotypes
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Predicted Relative Water Content of B35 Model
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Figure 15. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of B35

Predicted Relative Water Content of Tx623 Model
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Figure 16. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of Tx623
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Predicted Relative Water Content of Tx7000 Model
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Figure 17. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model based on the response of Tx7000

2.3.5 Summary of all Relative Water Content Models
Coefficients of determination for RWC models developed using spectral and
morphological features and using spectral features of combined and individual genotypes of
sorghum are shown in Figure 18. This heatmap shows that most of the RWC models, whether
models developed with spectral and morphological features or with spectral features have
coefficients of determination between 0.8 and 0.95. The only coefficient of determination lower
than 0.8 is the coefficient of determination of the model developed using the spectral and
morphological features of B35.
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Figure 18. Heatmap of coefficients of determination of RWC models for sorghum;
_s_ represents spectral only models and _sm_ represents spectral and morphological models

2.3.6 Nitrogen Content Models using Spectral and Morphological Features
PLS models for nitrogen content developed using the spectral and morphological data were
compared to the reference nitrogen contents of measured sorghum plants (Fig. 19). The coefficient
of determination for this model was 0.925. The three subsequent models were built using the
spectral and morphological data from each genotype individually (Figs. 20, 21, and 22) and have
coefficients of determination of 0.792, 0.812, and 0.81 respectively. The model developed based
on all three genotypes was more accurate than the models developed based on each genotype
individually.
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Predicted Nitrogen Content of All Genotype Model
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Figure 19. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of all three genotypes

Predicted Nitrogen Content of B35 Model
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Figure 20. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of B35
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Predicted Nitrogen Content of Tx623 Model
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Figure 21. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of Tx623
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Figure 22. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of Tx7000
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2.3.7 Nitrogen Content Models using only Spectral Features
After the nitrogen models were developed using the spectral and morphological features,
new models were generated using only the spectral features to predict nitrogen content. Nitrogen
content models were developed using the spectral data from B35, Tx623, and Tx7000. The
predictions were then compared to the reference nitrogen contents from this experiment (Fig. 23).
The coefficient of determination for this model was 0.9079. Three additional models were
generated using each of the individual genotypes (Figs. 24, 25, and 26) and predictions from each
model were compared to the reference nitrogen contents with coefficients of determination of
0.734, 0.871, and 0.764, respectively. The N content models developed with the spectral features
only were not significantly different than those developed using the spectral and morphological
features. The models developed using all three genotypes were generally more predictive than the
models developed with only one genotype.
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Figure 23. Plot of reference N content compared to cross-validated predicted N content
using the model developed based on the response of all three genotypes
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Figure 24. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of B35
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Figure 25. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of Tx623
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Figure 26. Plot of reference N content compared to cross-validated predicted N content using the
model developed based on the response of Tx7000

2.3.8 Summary of all Nitrogen Content Models
To summarize all the nitrogen content models, a heatmap was generated to compare all of
different models to each of the three genotypes and all of the genotypes in Fig. 27. The models
developed for the nitrogen prediction had a coefficient of determination above 0.7 except for the
B35 and Tx7000 models when predicting Tx623. The models generated using B35 and Tx7000
do not predict Tx623 as well as the Tx623 models predict both B35 and Tx7000. This could
indicate that some genotypes, such as Tx623, make better models than others.
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Figure 27. Heatmap of coefficients of determination of nitrogen content models for sorghum; _s_
represents spectral only models and _sm_ represents spectral and morphological models

2.3.9 Relative Water Content Models built using data from same nitrogen treatments
Drought and nitrogen stresses are often confounded and produce overlapping symptoms of
plant stress. To determine how these interactions influence trait predictions, models were built
using the data from the two high nitrogen treatments with varying drought stress levels. This
model was then applied to the full data set, all four treatments, to predict the relative water content
of all plants and the predicted RWC from that model was plotted against the reference RWC (Fig.
28).
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The predictions separate based on treatments in the graph. When looking at the high water
treatments, the higher nitrogen levels cause the predictions to be higher than the reference
measurements and the lower nitrogen levels cause the predictions to be lower than the reference
measurements. The low water treatments display a similar trend.
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Figure 28. Plot of reference RWC compared to cross-validated predicted RWC of all three
genotypes using the model developed on the data of different water treatments but uniform
nitrogen treatments

2.3.10 Nitrogen Content Models built using data from same water treatments
A similar model was developed using the data from the two well-watered treatments with
varying nitrogen levels. This model was then applied to the full data set, all four treatments, to
predict the nitrogen content of all plants and the predicted nitrogen from that model was plotted
against the reference nitrogen content (Fig. 29).
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Figure 29 does not display the same distinct separation of treatments as figure 28 does.
The coefficient of determination is lower and the accuracy was decreased by not taking the
different water treatments in account when developing the N content predictions.
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Figure 29. Plot of reference N content compared to cross-validated predicted N content of
all three genotypes using the model developed on the data of different nitrogen treatments
but uniform water treatments

2.3.11 Principal Component Analysis
In an attempt to explain some of the differences between the predictions of the models built
using the three genotypes, a principal component analysis was generated using the spectral and
morphological features of the three genotypes. The two principal components (PC1 and PC2)
explain 96.5% of the explained variation. Confidence ellipses summarize the mean point of each
genotype to compare the differences between the genotypes.
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The PCA shows that the mean values of Tx7000 are centered on a different value than both
B35 and Tx623. B35 and Tx623 are centered on the same mean. This could indicate that there
are spectral or morphological differences between the B35 and Tx623 cluster and the Tx7000
cluster. Unfortunately, the PCA does not indicate why the models developed using B35 and
Tx7000 are not accurate predictors of Tx623 reference N content.

Figure 30. Principal Component Analysis of all spectral and morphological features
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2.4 Discussion
2.4.1 Reference Measurements
The three varieties of sorghum, B35, Tx623, and Tx7000, were selected to represent
varying mechanisms of drought tolerance. According to literature, Tx623 is generally considered
to be drought susceptible (Paterson et al., 2009), Tx7000 has pre-flowering drought stress tolerance
(Karper, 1949), and B35 has post-flowering drought stress tolerance (Walulu et al., 1994; Tuinstra
et al., 1996). None of the genotypes displayed any difference in response to drought treatments.
Tx7000, which displays pre-flowering drought stress tolerance in literature showed no differential
response to pre-flowering drought stress that was present in this study. Due to height constraints,
the imaging system could not image the plants are flowering, so this is probably why we saw no
difference in drought response for these sorghum genotypes because the differences present
themselves just before flowering in the case of Tx7000 and just after flowering in the case of B35.
There was a treatment, genotype, and a treatment by genotype effect in the nitrogen
treatments. B35, which displays post-flowering drought stress, is considered a stay-green line
(Walulu et al., 1994). Borrell and Hammer (2000) and Borrell et al. (1999) determined that staygreen sorghum lines stay green for longer after flowering due to higher leaf nitrogen status. This
could account for the differential response of B35 under nitrogen stress.
2.4.2 Models
PLS regression is one of the more popular prediction methods used in the literature for
hyperspectral imaging of both water status and nitrogen status in plants. Ge et al. (2016) used PLS
regression to predict the water status of two genotypes of maize. This study found that when the
predicted values were compared to the reference values, the coefficient of determination was 0.87.
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Our study found a coefficient of determination of 0.91 when comparing the predicted to the
reference values. The coefficients of determination are very comparable; however, our study
evaluated three genotypes while Ge et al. only evaluated two genotypes. Ge et al. did evaluate the
coefficients over time and determined that the two genotypes were less tightly correlated as they
matured. This is something that our study did not evaluate. The Ge et al. study also evaluated
plants on across a spectrum of relative water content from 68% to 93% while our study had two
distinct clusters of RWC.
Li et al. (2013) and Nigon et al. (2014) both used PLS regression to predict the nitrogen
status of plants. The Li et al. study used a dataset containing the data from two cultivars, two
locations, and three years that was all sampled prior to the wheat flowering. This dataset had a
coefficient of determination of 0.79 when the predicted values were compared to the reference
values. Nigon et al. modeled the leaf N concentration in two genotypes of potato over a growing
season with multiple imaging dates. The coefficient of determination across all dates when the
predicted values were compared to the reference values was 0.78. Our study had a coefficient of
determination of 0.90 when the predicted values were compared to the reference values of all three
genotype when predicting nitrogen content. Both of these studies highlighted new approaches that
could be utilized to improve our future projects including sampling over multiple dates or multiple
locations.
There are only a few studies that develop PLS regression prediction models that combine
both water and nitrogen treatments.

One of these is Pandey et al. (2017) that collected

hyperspectral images in order to predict a number of macro- and micronutrients, including N, as
well as RWC. This study collected data from one cultivar of soybean and one cultivar of maize
and combined the data to develop the prediction models. The coefficient of determination for the
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water status was 0.97 when comparing the predicted values to the reference values while the N
content prediction was 0.88 when comparing the predicted values to the reference values.
However, this study didn’t treat the same plants with both nitrogen and water treatments. Corti et
al. (2016) combined water and nitrogen stresses when developing PLS regression models for
spinach. This study found the coefficient of determination of the model developed using one
variety of spinach for water content was 0.87 when the predicted values were compared to the
reference values, but the coefficient of determination of the model developed for nitrogen content
was only 0.41 when comparing the predicted and the reference values. The coefficients of
determination in our study for RWC and N content were 0.91 and 0.90, respectively, when
comparing the predicted values to the reference values.
The predictions developed in this study are comparable to previous predictions in the
literature. However, the prediction models developed in this study utilized three distinct genotypes
with differing drought adaptations and a combination of water and nitrogen stresses, which makes
this study unique. From this study, we would recommend the RWC and N content models
developed using the data from all three genotypes because these three genotypes represent three
different drought tolerance responses in sorghum.
2.4.3 Importance of verifying the applicability of spectral only models
Models built using spectral and morphological features of the plant extracted from the
hyperspectral images were, in general, slightly, but not significantly more accurate than models
built using only spectral features of the plant for both relative water content and nitrogen content
predictions. It may be important in the future to build models using strictly spectral features.
Morphological features are available for this study because of the unique design of the automated
greenhouse. The imaging tower can be used to collect data on the plant from the top and the side
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with controlled lighting. After segmentation, the morphological features of the plant can be
calculated. However, a handheld device which may be more easily managed and accessible for
collecting field measurements for a wider variety of people, would only use spectral features so it
is important to test and verify the robustness and applicability of spectral only models. The three
spectral only models had coefficients of determination of 0.843, 0.843, and 0.796, respectively.
Models developed using spectral only features may also be highly valuable when plants
exhibit physiological changes related to drought. When sorghum is water stressed, the leaves roll
and thus the leaf area of the plant is reduced (O’Toole & Cruz, 1980). Zhao et al. (2005) found
that moderate nitrogen deficit resulted in decreased leaf area and dry matter accumulation while
severe nitrogen deficit affected the height of the plant. In models built with morphological
features, the leaf area and the plant height may be components used in the prediction model.
However, when predicting the water status of plants with only moderate drought stress, the leaf
area may not be as reduced as in severe stress due to a lack of severe leaf rolling. This will be
important in breeding programs in the identification of lines that can maintain plant water content
under moderate drought stress as opposed to severe drought stress.
2.4.4 Importance of water and nitrogen treatments in concert
Figure 29 shows a clear differentiation in prediction based on the treatment. This model
was built using varying water treatments with varying relative water contents but with the same
nitrogen treatments. This affirms one of the objectives of this experiment. We expected nitrogen
and water stress phenotypes to interact because nitrogen deficiency as a result of drought is the
largest contributor to the decrease of growth under drought stress (Heckathorn et al., 1997). He &
Dijkstra (2014) found N content decreased by almost 4% in a drought stress study. Other studies
have also observed drought reducing nitrogen content through reduction in nitrogen uptake and
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distribution (Rouphael et al., 2012), a decline in soil moisture (Fierer & Schimel, 2002), and
reduction in mineralization (Sardens & Penualas, 2012; Cramer et al., 2009). In our study, the
nitrogen content became a large factor in predicting the RWC of the plant as shown in Figure 29
where the four treatments are in four distinct groups.

Conversely, the model developed with the

high water treatments to predict the nitrogen content produced a graph (Fig. 30) without the distinct
groups seen in the graph of the model built using high nitrogen treatments to predict RWC but has
a lower accuracy of prediction. This confirms the importance of growing plants under both water
and nitrogen stresses.

2.5 Conclusion
The goal of the sorghum calibration experiment was to develop a robust model to predict
the relative water content of sorghum and a model to predict the nitrogen content of sorghum.
While this experiment utilized only three genotypes, it revealed some interesting conclusions about
hyperspectral imaging models. The best models were those built with all three genotypes to
encompass the most genetic and physiological variability.
This experiment also proved that partial least squares models built with one genotype can
accurately predict other genotypes of sorghum for both relative water content and nitrogen content.
We can see this through the coefficients of determination for all of the relative water contents that
are all above 0.75. For the nitrogen content predictions, the coefficients of determination were all
over 0.57. While this is not a strong prediction, it does indicate that we are more likely than not
to predict the correct nitrogen content.
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This experiment also proves that we can build robust models, often equally robust models,
using only the spectral features as opposed to the spectral and the morphological features. This
could become important as more handheld spectrometers are taken to the field.
Nitrogen and water signals are also confounded so it is important to account for both water
and nitrogen in our models by using both nitrogen and water treatments. If we do not account for
differing levels of nitrogen in our relative water content predictions, we end up with four distinct
groups in the graph. If we do not account for differing levels of water in our nitrogen content
models, we end up with decreased predictive power in our models.
Finally, when developing nitrogen prediction models, we discovered a curious
phenomenon where the hyperspectral models of some genotypes are more predictive than the
hyperspectral models of certain other genotype.
The next chapter in this thesis will cover another hyperspectral imaging study utilizing six
genotypes of maize to predict both relative water content and nitrogen content. We then use the
sorghum calibration data to attempt to predict the maize reference measurements. Finally, we will
combine both the sorghum and maize experimental data.
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CHAPTER 3: MAIZE MULTIPLE GENOTYPE STUDY

3.1 Introduction
Maize (Zea mays L.), also known as corn, is a close cousin of sorghum (Sorghum bicolor
(L.) Moench). Maize is a C4 grass that was domesticated around 10,000 years ago in central
Mexico from the progenitor teosinte (Corn: plant, 2018). Maize performs best on well-drained
and well-aerated soils but it is also quite tolerant to a variety of soils except for dense clay soils or
very sandy soils (Maize, FAO, 2018). Maize is fairly sensitive to drought and salinity and exhibits
poor adaptation to low fertility soils, such as soils deficient in nitrogen. Maize is considered both
less drought tolerant than sorghum and less adapted to low nitrogen conditions. These features of
maize make it a key target for nitrogen and water use efficiency improvements. Another incentive
to improve maize is that it is the most important cereal grain in the world and is used widely for
human food, livestock feed, biofuels, and industrial applications (Maize, FAO, 2018).
Many of the same challenges face maize breeders and sorghum breeders. The challenge is
developing a quick, high-throughput, accurate system to identify the genotypes that have the
highest relative water contents and nitrogen contents under stress conditions.

Phenomics,

particularly through hyperspectral imaging, could provide a quick, high-throughput and accurate
solution. Phenomics is broadly defined as the intense and detailed study of the physical aspects of
the plant and relate the phenotype to the genotype (Araus and Cairns, 2014). However, as
previously mentioned, the greatest bottleneck to these accurate predictions in phenomics is genetic
variation in crop species.
In previous studies, there has been a distinct lack of genetic diversity represented in the
experimental designs. Several recent studies used only one cultivar to study either drought or
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nitrogen (Moshou et al., 2014; Pandey et al., 2017; Corti et al., 2017). A handful of other studies
used two cultivars (Nigon et al., 2015; Ge et al., 2016; Bhugra et al., 2017), while a few others
used three genotypes (Li et al., 2014; Kersting et al., 2012; and Behmann et al., 2014). One of the
few studies that included genetic variation in a study of drought or nitrogen stresses was a study
out of Italy that assessed the effects of drought on oak foliage (Cotrozzi et al., 2017). This study
used oak seeds collected from individual mothers in four different regions of Central America,
which encompassed four different countries and a wide range of genetics.
Our goal is to develop maize phenotyping models that represent a wide range of genetics
in the hopes that these are more universal models that can be used to predict the nitrogen content
and relative water content of a variety of maize genotypes. To this end, we developed an
experiment using six genotypes of maize representing elite temperate and tropical germplasm.

3.2 Materials and Methods
3.2.1 Maize Seed Sources
The six genotypes used for this multiple genotype study were selected from a variety of
sources having specific reactions to drought and nitrogen stresses. The B73xMo17 hybrid is a
classic hybrid developed in 1973 that remained the preeminent hybrid in the United States corn
industry for five to seven years (Hoegemeyer, 2014). This is a cross between the Iowa Stiff Stalk
Synthetic heterotic group and the Lancaster Sure Crop (non-stiff stalk) heterotic group. P1105AM
was selected as a more modern commercial hybrid from the Aquamax© brand of Dupont Pioneer.
The Aquamax lines are touted as having superior drought tolerance.
The Tuinstra lab has been involved in developing a series of hybrids using a non-stiff stalk
male line called PHP02. This is an ex-plant variety protected (ex-PVP) line originally developed
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by Pioneer Hi-bred International (PI 601570, USDA GRIN, n.d.). Four of these hybrids were
selected for this study, BCC03xPHP02, PHG80xPHP02, CML550xPHP02, and PHJ33xPHP02.
Both PHG80 and PHJ33 are ex-PVP lines developed by Pioneer in the 1980s (PI 601037, USDA
GRIN, n.d., PI601774, USDA GRIN, n.d.) while BCC03 was developed in Minnesota in the late
1980s by Northrup, King and Company (PI 544065, USDA GRIN, n.d.). Preliminary data from
field trials in Arizona suggests that PHJ33xPHP02 yielded well under drought stress while
G80xPHP02 and BCC03xPHP02 exhibited greater susceptibility to drought.
CML550 is a CIMMYT maize inbred line released in 2013 (“CIMMYT releases 22 new
maize inbred lines for the tropics and subtropics”, 2013). This line is an intermediate maturity line
and is characterized as a CIMMYT heterotic group B type and is often used as a seed parent.
CML550 generally produces hybrids with very good adaptation to low nitrogen and low water
conditions.
3.2.2 Soil Medium
See Section 2.2.2.
3.2.3 Design of Experiment
The design of experiment for this study was a randomized complete block design with
twelve blocks. Each combination of six genotypes and four treatments was represented in each
block of the design (Table 5).
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Table 4. Genotype and treatment combinations evaluated in this experiment
Genotype

Nitrogen (mM)

Water

B73xMo17

40
40
5
5
40
40
5
5
40
40
5
5
40
40
5
5
40
40
5
5
40
40
5
5

Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress
Fully watered
Severe drought stress

BCC03xPHP02

CML550xPHP02

G80xPHP02

P1105AM

PHJ33xPHP02

3.2.4 Application of Stress
See Section 2.2.4.
3.2.5 Automated Imaging System
See Section 2.2.5.
3.2.6 Relative Water Content Measurements
See Section 2.2.6.
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3.2.7 Nitrogen Content Measurements
See Section 2.2.7.
3.2.8 Data Processing
See Section 2.2.8.
3.2.9 PLS_ToolBox in MatLab
See Section 2.2.9
3.3 Results
3.3.1 Relative Water Content Results
The relative water content of the maize plants varied from 50.4% to 100% for the plants in
this study (Fig. 31). Treatment C, which was treated with high nitrogen and severe drought stress,
displayed the most drought stress while treatment D, which was treated with low nitrogen and
severe drought stress, did not display drought stress. The analysis of variance of the RWC is
shown in Table 5. The formula used for the ANOVA is:
RWC ~ Treatment+Genotype+Treatment*Genotype
The treatment and genotype main effects were not significant but the treatment by
genotype interaction was highly significant (Table 6). An interaction plot was generated (Fig.
32) to visualize the interaction between genotype and treatment. Most of the treatment by
genotype interaction resulted from the differential response of the hybrids to treatment C.
CML550xPHP02, B73xMo17, and P1105AM had relatively higher RWC values than the other
hybrids in the study. CML550xPHP02 had the highest average RWC under treatment C.
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A

Well-Watered;
40 mM N

B

Well-Watered;
5 mM N

C

Severe Drought Stress;
40 mM N

D

Severe Drought Stress;
5 mM N

Figure 31. RWC values for maize plants by treatment

Table 5. Analysis of Variance (ANOVA) table of relative water content
ANOVA Table (Type III tests)
Response: RWC
Sum Squares Df
(Intercept)
109979
1
Treatment
262
3
Genotype
29
5
Treatment x Genotype 1422
15
Residuals
10343
245
Significance codes: 0 ,‘***’ 0.001, ‘**’ 0.01, ‘*’ 0.05

F Value
2605.1473
2.0658
0.1353
2.2449

Pr(>F)
<2.2e-16
0.105321
0.984067
0.005722

***

**
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Figure 32. Interaction plot of RWC by genotype for the four treatments

3.3.2 Nitrogen Content Results
The nitrogen content of the maize plants varied from 1.09% to 2.99% of the leaf sample
(Fig. 33). The nitrogen content results plotted on this graph indicate that the two low nitrogen
treatments are lower than the two high nitrogen treatments. The analysis of variance results of the
N content is shown in Table 7. The formula used for the ANOVA is:
Ncontent ~ Treatment+Genotype+Treatment*Genotype
The treatment main effect is highly significant but there is no genotype main effect or
interaction affect between treatment and genotype. The plants grown under the low nitrogen
treatment did indeed have lower nitrogen contents than those plants grown under the high
nitrogen treatments.
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A

Well-Watered;
40 mM N

B

Well-Watered;
5 mM N

C

Severe Drought Stress;
40 mM N

D

Severe Drought Stress;
5 mM N

Figure 33. Graph of reference N content by treatment

Table 6. Analysis of Variance (ANOVA) table of reference nitrogen content
ANOVA Table (Type III tests)
Response: N content
Sum Squares Df
(Intercept)
49.440
1
Treatment
1.368
3
Genotype
0.686
5
Treatment x Genotype 0.871
15
Residuals
22.775
245
Significance codes: 0 ,‘***’ 0.001, ‘**’ 0.01, ‘*’ 0.05

F Value
531.8543
4.9065
1.4759
0.6245

Pr(>F)
<2.2e-16
0.002497
0.198271
0.853699

***
**
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3.3.3 Relative Water Content Models
Partial least squares (PLS) regression was used to model RWC using the hyperspectral data
generated in maize. The models built with the spectral and morphological features of the multiple
maize genotypes produced the best predictions for RWC. The RWC models were developed for
all six genotypes combined and all six genotypes individually for a total of seven RWC models.
The first model was generated using all six genotypes combined and had a coefficient of
determination of 0.72 which was higher than any of the individual genotype models (Fig. 34).
Models built using the individual hybrids had lower coefficients of determination ranging from
0.43 to 0.69 (Figs. 35-40). The model developed using B73xMo17 had the best coefficient of
determination of any of the individual genotype models at 0.69 (Fig. 35), and the model developed
using G80xPHP02 had the lowest coefficient of determination at 0.43 (Fig. 38).
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Figure 34. Plot of cross-validated relative water content against reference relative water content
for the model built with all six genotypes.
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Figure 35. Plot of cross-validated relative water content against reference relative water content
for the model built with B73xMo17.
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Figure 36. Plot of cross-validated relative water content against reference relative water content
for the model built with BCC03xPHP02.
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Figure 37. Plot of cross-validated relative water content against reference relative water content
for the model built with CML550xPHP02.
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Figure 38. Plot of cross-validated relative water content against reference relative water content
for the model built with G80xPHP02
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Figure 39. Plot of cross-validated relative water content against reference relative water content
for the model built with PHJ33xPHP02
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Figure 40. Plot of cross-validated relative water content against reference relative water content
for the model built with P1105AM
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3.3.4 Summary of all Relative Water Content Models
The seven maize models and the sorghum model were compared for modeling of RWC
across all the genotypes. The coefficients of determination for each of the plots are summarized
below (Fig. 41). All of the models developed from a single genotype were more accurate
predictors of the respective genotype the model was developed form. However, the combined
maize model that was developed using all of the hybrids had the highest prediction of all genotypes
together with a coefficient of determination of 0.72. The models developed using B73xMo17,
P1105AM, and CML550xPHP02 hybrids were also good models with high coefficients of
determination. The model developed using G80xPHP02 performed quite poorly. The sorghum
model that did not use maize training data performed poorly as well.

Figure 41. Heatmap of all coefficients of determination forrelative water content models;
_s_ represents spectral only models and _sm_ represents spectral and morphological
models
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3.3.5 Nitrogen Content Models
Seven new spectral and morphological feature models were generated to predict the
nitrogen content of maize plants. These models were built using either all of the genotypes or with
individual hybrid performance data. The model built using all of the hybrids exhibited the highest
coefficient of determination of 0.64 (Fig. 42). Several of the models developed based on the
individual hybrid performance were also highly predictive with BCC03xPHP02 exhibiting a
coefficient of determination of 0.59 (Fig. 44). For BCC03xPHP02 the coefficient of determination
was 0.59 (Fig. 43), CML550xPHP02 exhibits a coefficient of determination of 0.50 (Fig. 45),
G80xPHP02 exhibits a coefficient of determination of 0.48 (Fig. 46), the P1105AM model
displayed a coefficient of determination of 0.61 (Fig. 47), and finally for the model built using
PHJ33xPHP02 the coefficient of determination is 0.59 (Fig. 48).
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Figure 42. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with all six genotypes
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Figure 43. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with B73xMo17
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Figure 44. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with BCC03xPHP02
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Figure 45. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with CML550xPHP02
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Figure 46. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with G80xPHP02
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Figure 47. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with P1105AM
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Figure 48. Plot of cross-validated nitrogen content against reference nitrogen content for the
model built with PHJ33xPHP02

94
3.3.6 Summary of all Nitrogen Content Models
The seven maize models and the sorghum model were compared for modeling of N content
across all the genotypes. The coefficients of determination for each of the plots are summarized
in Figure 49. The combined model using the data from all genotypes was the best predictor of N
content, but all the individual models predicted the respective genotype well. The exception to
this was the G80xPHP02 hybrid. None of the models predicted this hybrid well. This is different
than the RWC predictions in which none of the G80xPHP02 models predicted the other hybrids
well. The sorghum model that contained no maize training data was fairly accurate at predicting
the N content of the maize genotypes collectively and was particularly good at predicting the N
contents of P1105AM and PHJ33xPHP02.

Figure 49. Heatmap of all coefficients of determination of all nitrogen content models; _s_
represents spectral only models and _sm_ represents spectral and morphological models
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3.3.7 Models built using PHP02 Half-Siblings
In addition to the models developed using all six genotypes, models were also generated
using the data from the four PHP02 half-sibling hybrids. The resulting predicted relative water
content is graphed against the reference relative water in Fig. 50. The coefficient of determination
for this model was slightly but not significantly higher than the model based on the six hybrids.
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Figure 50. Plot of reference RWC against cross-validated predicted RWC for a model built using
the spectral and morphological features of the four PHP02 half-siblings

3.3.8 Models built using Sorghum Data
The sorghum calibration experiment from the previous chapter was the first experiment
performed on the new automated imaging system at Purdue. Given morphological and anatomical
similarities between maize and sorghum, we attempted to use the sorghum model to predict the
relative water content and nitrogen content of maize plants in this study.
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3.3.8.1 Relative Water Content Model
The spectral and morphological sorghum model did not predict RWC in maize so the
spectral sorghum model for RWC was used to yield a better prediction of RWC in maize (Fig. 51).
The coefficient of determination for this model was 0.187.
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Figure 51. Plot of RWC against cross-validated predicted RWC of the maize multiple genotype
study using the sorghum calibration RWC model

3.3.8.2 Nitrogen Content Model
We also attempted to use the sorghum model to predict the N content of maize. Nitrogen
content predictions of maize plants were predicted using the sorghum model with spectral and
morphological features. The sorghum spectral and morphological models did not predict nitrogen
content in maize very well; however, the spectral only sorghum models were more highly
predictive of maize nitrogen content with a coefficient of determination of 0.47 (Fig. 52).
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Figure 52. Plot of N content against cross-validated predicted N content of the maize multiple
genotype study using the sorghum calibration spectral nitrogen content model

3.3.9 Combining Sorghum Calibration Data and Maize Multiple Genotype Data
Since the sorghum models were not highly predictive of the maize data, we decided to
combine both the sorghum and the maize data to develop new relative water content and nitrogen
content models.
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3.3.9.1 Relative Water Content Model
Two relative water content models were developed from the combined sorghum and maize
data using both the spectral and morphological features of the entire dataset and the spectral only
features of the entire data set to predict both maize and sorghum combined in one dataset. The
spectral and morphological model and the spectral only model were compared to the reference
RWC values from the entire dataset (Figs. 53 and 54) with coefficients of determination of 0.85
and 0.8, respectively. These coefficients of determination are a large improvement over the
original maize models and are comparable to the sorghum models.
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Figure 53. Plot of cross-validated relative water content against reference relative water content
generated using the spectral and morphological features of the sorghum and maize data
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Figure 54. Plot of cross-validated predicted relative water content against reference relative water
content generated using the spectral features of the sorghum and maize data

3.3.9.2 Nitrogen Content Model
Nitrogen content models were also generated using combined sorghum and maize data.
The first model was built using the spectral and morphological features of the entire dataset while
the second model was generated using only the spectral features of the dataset. Again, both the
spectral and morphological model and the spectral only model were compared with the reference
nitrogen content data from the entire sorghum and maize dataset (Figs. 55 and 56) with coefficients
of determination of 0.66 and 0.65, respectively. These coefficients of determination are an
improvement from the maize study and are slightly worse than the sorghum models.
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Figure 55. Plot of cross-validated nitrogen content against reference nitrogen content generated
using the spectral and morphological features of sorghum and maize
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Figure 56. Plot of cross-validated nitrogen content against reference nitrogen content generated
using the spectral features of sorghum and maize
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3.3.10 Principal Component Analysis
A principal component analysis was performed on all the maize spectral and morphological
features to compare the genotypes (Fig. 57). The two principal components (PC1 and PC2) explain
93% of the total variation. Confidence ellipses summarize the mean point of each genotype. All
of the mean points are centered on relatively the same area and there are no differentiating features
between any of the six genotypes.

Figure 57. Principal Component Analysis of all spectral and morphological features
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3.4 Discussion
3.4.1 Reference Measurements
The RWC measurements were distributed from approximately 50% to 100%. Many of the
plants in the drought treatment groups exhibited high RWC. In particular, the smaller plants with
lower leaf area in the low nitrogen treatments did not get drought stressed in treatment D. The
treatment and treatment by genotype interaction effects were significant for RWC. The greatest
variability in RWC occurred in treatment C and several of the genotypes performed better than the
others. The genotype least affected by the drought stress was CML550xPHP02 which was
reported by CIMMYT to produce hybrids that are well adapted to drought and low-N environments
(“CIMMYT releases 22 new maize inbred lines for the topics and subtropics”, 2013). The other
genotype that maintained a higher RWC in treatment C was B73xMo17.
The N contents of plants exhibited variation from around 1% to 3%. The ANOVA showed
that only the treatment effect was significant. The interaction of treatment and genotype was not
significant; however, the interaction plot shows that all of the genotypes reacted in a similar fashion
to the low N treatments except for G80xPHP02, which does not decrease as much under the low
nitrogen treatments even though it is not considered significant, it may explain some of the
difficulty of predicting this hybrid, G80xPHP02.
3.4.2 Models
For this maize experiment, the RWC predictions were not as high as the sorghum
calibration study; however, it is difficult to tell if this is due to experimental design or the six
genotypes. This was such a large experiment that we could not run the entire experiment on the
conveyor belt. The plants were grown in a greenhouse without the constant movement to reduce
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microenvironmental variation.

Other PLS regression studies that have evaluated multiple

genotypes of a single species have evaluated up to two genotypes. Ge et al. (2016) used PLS
regression to predict the water status of two genotypes of maize. This study found that when the
predicted values were compared to the reference values, the coefficient of determination was 0.87.
The best RWC model developed from the six maize genotypes had a coefficient of determination
of 0.72. Several other models developed with a single genotypes, namely B73xMo17 and
CML550xPHP02, had coefficients of determination almost as high at 0.69 and 0.67 respectively.
The poorest performing model was the one developed from G80xPHP02 which was a poor
predictor of every genotype including G80xPHP02.
The Li et al. (2013) used a dataset containing the data from two cultivars of wheat. This
dataset had a coefficient of determination of 0.79 when the predicted values were compared to the
reference values. Nigon et al. (2014) modeled the leaf N concentration in two genotypes of potato
over a growing season with multiple imaging dates. The coefficient of determination across all
dates when the predicted values were compared to the reference values was 0.78. The best model
developed from the data of all six genotypes of maize had a coefficient of determination of 0.64
when the predictions are compared to the reference measurements of all six genotypes.
While this is the best model for predicting N content of all the genotypes it is only slightly
better than many of the other models such as the model built using P1105AM. It is in these
predictions (Fig. 51) that it becomes clearer that the genotype might affect the prediction,
particularly for nitrogen. For example, when the model built using the BCC03xPHP02 genotype
is used to predict the nitrogen content of P1105AM, the coefficient of determination is 0.78, but
when that same model is used to predict the nitrogen content of CML550xPHP02 and compared
to the reference measurements, the coefficient of determination is 0.55.
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Unlike the RWC models, the nitrogen content model built using G80xPHP02 appears no
worse than any of the other models; however, every single model is an extremely poor predictor
of the reference measurements from G80xPHP02. Even the model built using the G80xPHP02
data is not a good predictor of N content. The nitrogen content measurements for this genotype
could be bad data and the true nitrogen content were not accurately measured. However, the
standards in the nitrogen content assays were measured and recorded correctly.

Another

explanation could be that G80xPHP02 is genetically different from the rest of these genotypes.
This is why a principal component analysis was performed to see if G80xPHP02 was centered on
another area of the PCA. However, all the genotypes appear to be similar in the PCA (Fig. 57).
In the PCA, we can also see that G80xPHP02 is rather noisy with many of the points falling outside
of the confidence ellipses. I believe either the nitrogen content measurements are bad or there is
too much noise in the data.
In an attempt to improve the water content models, we then hypothesized that the
predictions may be more accurate for the PHP02 half-sibling lines. The model represented in Fig.
52 is a relative water content model with a coefficient of determination of 0.68 when the
predictions of the PHP02 half-siblings were compared to the reference measurements of the PHP02
half-siblings. This is slightly better than the model built with all genotypes but is not a large
improvement over the model generated with all six genotypes.
3.4.3 Predicting Across Species
The final models built from this experimental data included the sorghum calibration data.
The first predictions from both of the experiments combined used the sorghum models to predict
the maize reference measurements.

The sorghum RWC models yielded a coefficient of

determination of only 0.187 when the predicted RWC was compared to the reference RWC for all
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the maize data. This is not a very predictive model and should not be used to predict RWC. The
nitrogen content models were better than the RWC models with a coefficient of determination of
0.465 when comparing all maize data. These models were developed using only sorghum data
and used to predict maize.
Pandey et al. (2017) also performed PLS regression to predict water and nitrogen status of
maize and soybean.

The coefficient of determination for the water status was 0.97 when

comparing the predicted values to the reference values while the N content prediction was 0.88
when comparing the predicted values to the reference values. However, this study didn’t treat the
same plants with both nitrogen and water treatments, and the plants were all sampled at the same
time, under the same treatments, and the same environment.
We also combined both the sorghum and maize data together to generate new models using
both the spectral features and the spectral and morphological features. These models were used to
predict both sorghum and maize relative water contents and nitrogen contents. The predicted RWC
using spectral and morphological features compared to the reference relative water contents
produced a model with a coefficient of determination of 0.85 while the model using the spectral
only features yielded a coefficient of determination of 0.8. This large increase in the coefficient
of determination could be due to the fact that combining the two datasets resulted in a more even
spectrum of relative water content from 50% to 100%.
The model for predicting N content using the spectral and morphological features of
sorghum and maize had a coefficient of determination of 0.66. The nitrogen content model built
using the spectral only features of the combined dataset has a coefficient of determination of 0.65.
The relative water content models and the nitrogen content models built using the combined data
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across species with six genotypes of maize and three genotypes of sorghum were highly predictive
of the respective reference measurements.
3.5 Conclusion
The goal of the maize multiple genotype study was to develop models that can span
multiple genotypes of a species. Previous studies have not included more than three genotypes
and the pervasive thought in hyperspectral imaging is that models that are predictive of multiple
genotypes cannot be built. This study has shown that predictive models of relative water content
and nitrogen content can be built for six genotypes of maize.
When looking at the nitrogen models, we discovered that none of the models predicted the
G80xPHP02 genotype very well and we did not find a good reason why that may be. We also see
that some genotypes are better predictors of other genotypes like we saw in the sorghum calibration
experiment. This may be related to genetic relatedness so we evaluated models developed using
half-siblings and found we could increase the coefficients of determination when the predicted
values were compared to the reference values. We found that the models were not better than the
models built with all six genotypes.
Finally, we also evaluated the predictions across two different species: maize and sorghum.
We first used the sorghum models to predict the maize phenotypes.

The coefficients of

determination for the RWC and N content phenotypes were 0.187 and 0.465, respectively, which
are not very predictive for either trait. However, when new models were developed using the
combined maize and sorghum data, the coefficients of determination for both RWC and N content
jump to 0.85 and 0.66, respectively. These models produce excellent predictions and provide a
broad inference for predictions across the two key crop species, in two different experiments, under
two different environments. We would recommend the maize and sorghum combined models for
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future analyses because these models span two species, a range of water and nitrogen contents,
and two experiments to avoid overfitting of the model.
With all we have learned about developing the experimental designs and utilizing the
hyperspectral imaging system in the greenhouse, we believe that we can go forward with this
system and develop experiments with less variability and noise in the hyperspectral data and in the
plants involved in the experiment. This, in turn, will result in models with higher coefficients of
determination. I believe we can begin using this system to evaluate more genotypes and the
respective responses to low water and nitrogen inputs.
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